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Abstract 
 

Global metabolite profiling, also known as untargeted metabolomics, is constantly used in the 

qualitative and quantitative assessment of a wide range of metabolites in human metabolomics 

research, where scientists are able to monitor changes in metabolite concentrations in human 

biofluids and tissues affected by complex clinical diseases including rheumatoid arthritis, 

!ƭȊƘŜƛƳŜǊΩǎΣ tŀǊƪƛƴǎƻƴΩǎ ŀƴŘ ǾŀǊƛŜǘȅ of cancers, to name a few. These metabolite profiling 

studies are regularly applied in human clinical samples in order to detect potential biomarkers, 

assist in drug discovery, monitor disease onset and its progress and many other bioanalytical 

areas. The application of the LC-MS analytical tool has been most widely used in comprehensive 

metabolic studies, due to its high throughput, soft ionisation and good metabolite coverage, in 

comparison to other analytical instruments such as NMR, FT-IR or Raman.  

LC-MS based metabolomics studies are currently facing challenges due to non-linear responses 

derived from matrix effects and biological variations within samples, which can result in biased 

quantitative analysis affecting true measurement of metabolite levels and their biological 

relevance. To overcome these issues, stable multiple 13C isotopically labelled metabolites acting 

as internal standards can be employed in metabolomics studies to reduce metabolome data 

variation and improve its accuracy, also known as a normalisation technique. The main 

limitation of this normalisation technique in global metabolite profiling studies, however, is a 

lack of available 13C labelled standards to cover a wide range of metabolites, as well as their high 

cost to produce. To solve this problem, uniformly (U) 13C labelled bacterial organisms, such as E. 

coli or Spirulina, can be used instead, acting as a source of multiple labelled internal standards. 

Currently, in metabolomics research, there is a lack of established validated 13C 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 proposed LC-MS method, involving a (U)-

13C labelled bacterial organism as a source of internal 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. coli and Spirulina extracts were analysed using LC-MS-based metabolite profiling to select the 

appropriate source of internal standards. In E. coli samples, around 780 putative metabolites 

were detected with high peak signal response, compared to approximately 600 putative 

metabolites in the Spirulina bacterium with poor peak signal response. E. coli appeared to have 

more metabolites in common with human biofluid or tissue metabolomes than Spirulina, fully 
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confirming E. coli to be a suitable bacterial organism to use for internal standards. The chosen 

(U)-13C labelled E. coli showed a large proportion of metabolites labelled with 13C isotope (77%), 

with only 23% of the metabolome unlabelled.  

To validate the proposed normalisation method, (U)-13C labelled E. coli was applied in human 

urine, human brain tissue and mouse plasma samples. 13C-labelled E. coli extract 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 OPLS-DA plots, to assess the efficiency of 

normalisation. In human urine and brain studies, approximately 70% of identified metabolites 

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 creatinine, the 13C 

normalisation has shown better results with percentage RSD range being less variable. In all 

three validation studies, PCA and OPLS-DA score plots showed clearer separation between 

sample groups with their replicates clustered and high Q2 scores in normalised metabolomes, 

compared to non-normalised. Finally, the normalisation technique has helped to detect more 

statistically significant metabolites in all three studies, compared to non-normalised datasets. 

This method has shown to be fully validated, reducing metabolite variation significantly and 

improving the accuracy of data by detecting a high number of statistically significant 

metabolites. 

A fully validated LC-MS method with proposed normalisation technique has been applied in two 

clinical investigation 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 clinical study investigated 

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, normalised metabolome 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 normalisation technique using multiple 13C labelled internal standards, 

with the assistance of  a bacterial organism as their source and a powerful analytical LC-MS 

method, has achieved great results in reducing metabolite data variation and improving data 
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accuracy of a wide range of metabolites in mammalian biofluid and 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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1.1 Untargeted metabolite profiling in human biofluids and cell 

based tissues 
 

1.1.1 Global metabolite profiling 
 

Since the 1990s, metabolomics has become a new and rapidly emerging field of bioanalytical 

research through technological advancements across several scientific disciplines.1,2 It involves 

the comprehensive analysis of unique chemical fingerprints, also known as metabolites, which 

are end products of gene expression of specific cellular processes in biological systems. 

Metabolites are small molecules which have a low molecular weight of Җ 1800 Daltons and are 

usually classified according to their metabolic pathway, biochemical function, retention time 

and physicochemical properties including isomerism and polarity.3,4 The analysis of metabolites 

helps to discover potential biomarkers involved in specific diseases5, monitor drug treatments 

and therapeutic outcomes6, monitor toxicological studies in humans and the environment7,8, 

predict biochemical pathways9, as well as providing the biological status of particular 

metabolites qualitatively and quantitatively in metabolic reactions.10  

Metabolomics is part of a wider group of studies called άƻƳƛŎǎέ that aims to describe the full 

complexity of functional cells, tissues, organs and organisms.11,12 Omics includes other studies 

such as άƭƛǇƛŘƻƳƛŎǎέ όŀƴŀƭȅǎƛǎ ƻŦ ƭƛǇƛŘǎύΣ άƎŜƴƻƳƛŎǎέ όŀƴŀƭȅǎƛǎ ƻŦ ƎŜƴƻƳŜύΣ άǘǊŀƴǎŎǊƛǇǘƻƳƛŎǎέ 

(analysis of RNA molecules) and άǇǊƻǘŜƻƳƛŎǎέ όŀƴŀƭȅǎƛǎ of proteins), which collectively gather 

the full information about biological molecules and their functions.13 Figure 1.1 schematically 

shows the relationship between the different omics studies and their application. The 

understanding of a living organism at the molecular system level is still very complicated, even 

with the use of available advanced omics platforms. It is evident that comprehensive omics 

studies have an important central role and will help us to better understand biochemical 

mechanisms in complex organisms.14 Nowadays, researchers focus on integrating data from 

several omics studies to acquire a comprehensive picture of the biological process, rather than 

relying on a single omics approach.15 An example of a commonly used combination is an 

integration of genomics with proteomics to identify the functions of genes in the regulation of 

certain proteins in a living organism, in order to understand more about the physiology of 

certain organ or tissues.16 A combination of metabolomics with lipidomics allows scientists to 

acquire compounds of a polar and non-polar nature.17 Unlike other omics studies where the 

functions of lipids, genes, RNAs and proteins are subject to post-translational modifications, 

metabolomics provides very accurate information about the biochemistry of an organism, as 
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metabolites are found to be easier to correlate with the phenotype of a sample ς analysed 

metabolites are end products of multiple enzymatic reactions, so serve as direct signatures of 

biochemical activity.18,19 

 

Metabolomics has a variety of applications, mainly in biomedical, pharmaceutical and 

environmental sciences.20 Comprehensive analysis of metabolites from biological tissues and 

biofluid samples in living organisms enables researchers to monitor their concentration changes 

in different conditions, e.g. healthy vs disease states, understand cell physiology in more detail 

and apply the metabolome data (information on metabolites) in different contexts.21,22 This is 

known as a global metabolite profiling.23,24 It is widely used in the determination of potential 

biomarkers and diagnosis of a disease. For example, a recent study in metabolite profiling of 

prostate cancer cells revealed the presence of a very high concentration of lactate due to 

abnormal conversion of glucose, as well as the inhibition of the mitochondrial enzyme m-

aconitase involved in citrate oxidation.25 These findings can help researchers to further 

investigate the role of lactate and m-aconitase in the development of prostate cancer ς as 

diagnostic tools and potential biomarkers for disease treatment. Another research study 

investigated the effect of an agrarian food diet on the gut microbiota using an analytical 

metabolomics technique ς the results showed that diet influenced the metabolome of gut 

microbiota, therefore affecting the health of an individual.26 Metabolomics can also be applied 

CƛƎǳǊŜ мΦм LƭƭǳǎǘǊŀǘƛƻƴ ƻŦ άhƳƛŎǎέ ŀǇǇǊƻŀŎƘŜǎ ǳǎŜŘ ƛƴ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ ŀƴŘ ŎƘŀǊŀŎǘŜǊƛǎŀǘƛƻƴ ƻŦ ǾŀǊƛŜǘȅ ƻŦ 

biological molecules. Wu et al (2011), Molecular approaches to studying the soil biota. 
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in environmental sciences to study unusual biotic and abiotic perturbations on the environment 

and its surroundings.27 For example, over the years metabolite profiling analysis has been used 

to study the effect of accidental spillage of crude oil on the aquatic environment ς one study 

investigated the toxic effects of oil on salmon, revealing changes in the ǎŀƭƳƻƴΩǎ ƳŜǘŀōƻƭƻƳŜ 

(rapid decrease in certain amino acids and organic osmolytes).28 As well as monitoring human 

metabolite changes in disease states, metabolomics approaches also observe the 

pharmacokinetics and pharmacology of medications by monitoring human metabolites in 

response to administration of a pharmaceutical drug. This field of metabolomics is also referred 

ǘƻ ŀǎ άǇƘŀǊƳŀŎƻƳŜǘŀōƻƭƻƳƛŎǎέΦ29 The study of the effect of antihypertensive drugs (atenolol) 

on the biochemical profile of metabolites in plasma samples of Caucasian and African American 

individuals revealed a decrease in certain amino acids and fatty acids, helping pharmaceutical 

research to decide on the appropriate strengths of medications.30  

There are usually two approaches used in any type of metabolomics analysis: targeted and 

untargeted techniques. When scientists are trying to find the identity of all measurable analytes 

(metabolites, lipids and unknown compounds) in a given biological system, they use an 

untargeted approach, such as global profiling, mentioned earlier.31,32 An untargeted approach 

can often be applied in biomarker discovery for serious clinical conditions33, environmental 

sciences in monitoring toxicity of microorganisms34, in plant metabolomics to identify useful 

compounds for medicinal purposes35, to name a few examples.36 In a recent study this technique 

has been applied to investigate the metabolite content of pleural effusions taken from lung 

cancer sufferers. The technique was able to detect a large quantity of amino acids and lipids 

which were thought to be responsible for this disorder.37 Once the identity of the metabolites 

is determined, further studies can be done by quantifying the selected metabolites of interest 

and finding their chemical properties ς known as the targeted approach. This approach allows 

researchers to quantitatively analyse and validate the potential biomarkers to confirm their role 

in clinical disorders.38 For example, in one research study this technique has been applied to 

analyse complex mixtures of cytokines from human plasma samples of rheumatoid arthritis 

sufferers, showing how the concentrations of those glycoproteins were affected according to 

the severity of the condition, to validate them as potential biomarkers.39 Another study showed 

determination of the full metabolism of the HIV drug saquinavir in mice, allowing identification 

of the ŘǊǳƎΩǎ ǇƻǘŜƴǘƛŀƭ ǇƘŀǊƳŀŎƻƭƻƎƛŎŀƭ ŜŦŦŜŎǘ ƛƴ the human body.40 Together, these two 

methods can provide a full metabolic profile of the chosen biological organism with valid 

verification of metabolites. 
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1.1.2 Human metabolomics and biomarker discovery 
 

As mentioned earlier, metabolomics research is largely involved in monitoring cellular 

concentration changes of metabolites between healthy (control) and disease (altered) states to 

determine potential biomarkers for the treatment of a variety of diseases including 

!ƭȊƘŜƛƳŜǊΩǎ41Σ tŀǊƪƛƴǎƻƴΩǎ42, rheumatoid arthritis43 and various cancers25. An untargeted 

approach, such as global metabolic profiling has, in particular, been used in these studies, giving 

an opportunity to detect a large range of potential biomarkers, followed by targeted analysis 

for validation. Research has concentrated on metabolite profiling analysis of human body fluid 

samples, such as blood (plasma)44, urine45, saliva46, cerebrospinal fluid47 and sweat48. Human 

biofluids contain essential metabolites, which are involved in the important physiological 

processes and development of the human organism. Examples of such metabolites include 

nucleotides, sugars, organic acids, amino acids, peptides and other classes.49 Human tissues 

such as brain, liver, heart, and kidney affected by diseases are also invaluable sources of 

biomarkers discovery.50,51  

Over the years metabolomics studies, performed in several countries, have found a large 

number of significant and important metabolites identified in human biological fluids and 

tissues, as part of the άHuman Metabolome Projectέ.52 Therefore, there has been an increasing 

demand from the Metabolomics society to create the reference databases of clinically 

important human biofluid and tissue metabolomes, in order to assist with comprehensive 

metabolite profiling experiments and improve the accuracy of metabolite identification. The 

άIǳƳŀƴ aŜǘŀōƻƭƻƳŜ 5ŀǘŀōŀǎŜέ (HMDB) was created using information gathered from 

computer-aided literature resources (books, journal articles and electronic databases), 

containing detailed information about the structure, physicochemical properties and presence 

of human metabolites in certain biofluids and tissues.53,54 The database also provides 

information on the clinical aspects of 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 queries.55 

Potential biomarkers are usually identified by running an accurate, untargeted analysis of 

biofluid and tissue samples, processing analytical data through specialised software helping to 

identify and validate significantly changed metabolites (more details about statistical analysis is 

described in chapter three).56 A recent study in chronic kidney disease has successfully detected 

an increase in uremic toxins in the plasma of human individuals suffering from renal impairment. 

These toxins were thought to play a significant role in the disease and could therefore act as 
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potential biomarkers.57 tŀǊƪƛƴǎƻƴΩǎ ŘƛǎŜŀǎŜ has also been investigated by the metabolomics 

approach. Several studies were performed using metabolic profiling of urine, blood and saliva 

samples taken from disease sufferers and successfully determined the status of protein and 

small molecule biomarkers involved in the development of the condition.58 An untargeted 

metabolite profiling study of urine samples from patients with type 2 diabetes also revealed the 

presence of endogenous metabolites such as tryptophan, kynurenic acid and kynurenine, which 

were identified as potential biomarkers related to the condition.59 Other studies showed that in 

disease cases such as cystic fibrosis, body sweat could be an appropriate future biofluid for 

metabolite profiling analysis as a diagnostic tool ς sweat produces a large amount of chloride 

ions, which can be easily detected and can confirm the presence of cystic fibrosis.60  

Human urine is a particularly useful biofluid, as it can be collected in a completely non-invasive 

manner over long periods of time from the same test subjects.61 There have been numerous 

metabolite profiling experiments performed with urine samples for clinical and physiological 

studies.10,62,63 One study used the human urine metabolome in diagnosing a bladder cancer. 

During the analysis of urine samples taken from cancer patients, there were three upregulated 

significant metabolites (nicotinuric acid, trehalose and asparagine) detected along with 

downregulated small molecules such as inosinic acid and glycine. Once tumours were removed 

from the patients, those bladder cancer metabolic features were shown to be reverted to their 

normal state, confirming that they were playing a significant role in bladder cancer 

development.64 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 glucose, 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 biomarkers.65 Some studies showed that 

human sweat can also be a non-invasive biofluid easily measured and analysed for metabolomic 

profiling, however, more studies need to be performed in this area.61,66  

Most studies investigating the human metabolome are normally limited to a single biofluid, 

most commonly blood or urine. However, in order to analyse complex organisms or metabolic 

disorders in full detail, it is sometimes advised to take into account an analysis of multiple 

biofluids simultaneously. Recent metabolomics studies on diabetes, for example, were 

integrating metabolite profiling data from several human biofluid samples (blood, urine and 

saliva) taken from diabetes type 2 sufferers.67-69 
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Therefore, there is a great need to analyse human biofluid and tissue samples for metabolite 

profiling, in search of reliable biomarkers and to link them to metabolic pathways ς this will help 

to accurately diagnose, and measure disease progression and response to therapy. Therefore, 

a successful metabolomics study using a thorough experimental design is crucial.  

 

1.2 Technical aspects of metabolite analysis 
 

1.2.1 Analytical instruments in metabolomics 
 

Different highly sensitive and modern instruments, analysing a variety of metabolites, have 

been consistently used for global metabolite profiling and targeted analysis. Examples of 

common analytical applications in metabolomics include high performance liquid 

chromatography (HPLC) or gas chromatography (GC), mass spectrometry (MS), nuclear 

magnetic resonance (NMR) spectroscopy, enzymatic assays, as well as vibrational spectroscopy 

including Raman spectroscopy and Fourier-Transform Infrared spectroscopy (FT-IR).31,70 

Metabolomics analysis requires highly sensitive methods, usually capable of handling small 

volumes of samples and providing reliable accurate measurements of a large set of metabolites. 

Therefore, the selection of analytical techniques is usually based on the type and the amount of 

samples being analysed, as well as on the speed of analytical run, sensitivity and selectivity.31,71 

The great advantage of using NMR in metabolomics, for example, is for its high reproducibility, 

a minimum requirement for sample preparation and the non-destructive nature of the 

technique.72 NMR can generate useful structural information about metabolites involved in 

complex biological systems and their molecular interactions within biofluids and tissues. The 

technique also has advantages of quantifying endogenous metabolites without setting up 

precise analytical conditions. However, not all metabolites can be detected via this instrument, 

especially the complex mixtures, mainly due to sample clustering and signal multiplicity caused 

by spin-spin couplings. The low sensitivity of NMR, compared to MS, is a particular issue and 

limits its use in metabolomics. Nevertheless, NMR has been used in the past, mainly applied in 

targeted metabolomics studies.73,74 In one NMR study, important metabolites were detected 

with significant clinical changes in plasma samples of cancer individuals. However, severe 

overlap of signals and long acquisition time were observed during the analysis, affecting the 

metabolite data. Another NMR based metabolomics study investigated the effect of green tea 

on the human urine metabolome, and although the results showed some important changes in 
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metabolite concentration levels, the resultant spectra of samples were very hard to interpret 

due to signal multiplicity and observed resonant frequencies.75  

FT-IR spectroscopy is rarely used as a quantitative technique due to the complexity of spectra 

and poor selectivity, even though the technique is cheaper and more highly reproducible than 

NMR. As with NMR, FT-IR spectroscopy does not require a complicated sample preparation 

before analysis. However, it is not always easy to interpret spectra and discriminate metabolites 

coming from the same biological class. As the technique has limitations in quantifying 

metabolites, it is very hard to make precise, accurate calculations and detect which metabolites 

cause specific changes between different conditions i.e. potential biomarkers. Raman 

spectroscopy can produce better resolution of spectra peaks than FT-IR due to less interference 

of the aqueous phase (water produces weak Raman spectra) but, as with FT-IR, its spectra does 

not provide full information on metabolite origin (poor biochemical class distinction) and 

specific metabolite changes for biomarker detection.76 Even though Raman spectroscopy has 

demonstrated a rapid non-invasive analysis of metabolites, it provides poor metabolite 

identification.77,78 

The MS analysis, on the other hand, shows higher sensitivity and selectivity, compared to NMR, 

Raman or FT-IR, making the detection of hundreds or thousands of metabolites more accurately, 

even in complex samples.79,80 A variety of MS instruments have shown high resolution of peak 

signals and suitability for high-throughput analysis of metabolites, providing higher accuracy in 

metabolite identification than other instruments. This is because the MS technique is measuring 

metabolite masses, rather than proton chemical shifts (as in NMR) or vibrational energy (IR). MS 

analysis has also been demonstrated to generally reduce the background signal noise and 

overlapping peaks in spectra of the metabolome.81 Different MS and NMR techniques have been 

applied in biofluid, tissue untargeted and targeted metabolomics in the past, due to their clear 

advantages over other instruments.82-84 Compared to NMR, however, MS techniques have 

provided more detailed information on quantity of metabolites and relative abundance of 

certain elements in their structures, especially when coupled with LC or GC instruments. MS has 

shown higher sensitivity, selectivity and being able to detect compounds that are usually not 

traced by NMR, e.g. sulphates.82 Therefore, MS systems have been established as primary 

techniques in untargeted and targeted metabolomics. LC-MS and GC-MS have already shown 

excellent analysis of biofluid and tissue polar and non-polar metabolites, in a variety of clinical 

studies, detecting and quantifying a wide range of metabolites.85,86  
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1.2.2 LC-MS based untargeted metabolomics 
 

Rapid development in the field of MS, coupled to separation techniques such as HPLC or GC, has 

become increasingly popular in untargeted global metabolite profiling. The use of 

chromatography helps to reduce the complexity of the sample, separating metabolites and 

making it easier to analyse them effectively.87,88 Metabolites are separated in a time dimension 

according to their physicochemical properties (polar or non-polar) via isocratic or gradient 

elution techniques with appropriate mobile phases (see the details of gradients used in chapter 

two). Separation is usually performed before the ionisation stage in MS, and therefore can 

hugely affect the ionisation efficiency of metabolites later on in the ionisation chamber, so it is 

vital to choose the right chromatographic conditions from the very beginning.89,90 GC is found 

to be more suitable for thermally stable volatile and non-polar compounds, while LC is used for 

a wide range of metabolites including polar and non-polar molecules.86 With HPLC, there is a 

smaller chance of sample degradation and better separation of metabolites with liquid solvents, 

as well as better detection of wider range of metabolites, compared to GC. Overall, HPLC-MS is 

considered the primary method in untargeted metabolomics, in contrast to GC-MS, as it delivers 

adequate selectivity and high sensitivity for a wide range of metabolites.85,91 

Since chromatographic separation depends on the nature of metabolites, different types of 

columns are applied for specific conditions. άIȅŘǊƻǇƘƛƭƛŎ LƴǘŜǊŀŎǘƛƻƴ [ƛǉǳƛŘ /ƘǊƻƳŀǘƻƎǊŀǇƘȅέ 

(HILIC) column92 is most commonly applied for polar metabolites, while reversed-phase (RP) 

type, such as the C18 column, is mainly used for organic non-polar or semi-polar 

metabolites.93,94 Mobile phases are also of great importance when it comes to analysis of 

samples, where they are carefully chosen depending on the type of analysed metabolites and 

chromatographic column. Aqueous phases (methanol, ethanol and water) are constantly used 

alongside organic phase solvents (acetonitrile), with chosen gradient systems depending on the 

purpose of the study.95 When the appropriate mobile phase carries the analytes through the 

column, the analyte molecules travel at different speeds, causing them to separate and retain 

on the column at different times. Therefore, the analytes have different άretention timesέ (one 

of the parameters for their identification).96 In HILIC conditions, polar analytes are retained on 

a column by partitioning between organic mobile phase (acetonitrile) and the aqueous layer 

formed at the silica-based surface of the column.97 HILIC has been increasingly applied in recent 

untargeted HPLC-MS metabolomics studies, demonstrating superior retention of hydrophilic 

compounds and improved ionisation of metabolites.98 HILIC uses the same composition of 

mobile phases as reversed column, which are MS compatible.99 Good chromatographic 
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separation improves the sensitivity of MS spectra detection and results in better MS data quality 

due to reduced background noise. In some HPLC-MS experiments, it was also observed that 

increasing the temperature of the column allowed for the decrease of mobile phase viscosity, 

causing faster separation of analyte molecules, however this is not always the case as some 

metabolites can be degraded at high temperatures. Therefore, it is essential to monitor the 

chromatographic parameters throughout the experiment to find the optimum conditions for 

efficient analyte separation, part of the LC-MS based method development.100,101 In chapter two, 

optimisation of the conditions will be discussed in more detail. The chromatographic process is 

shown in figure 1.2. 

The MS consists of several stages including ionisation of sample molecules and mass analysis of 

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

mass data. During the ionisation step, the sample molecules are bombarded by various ionising 

agents such as high-energy electrons (in the case of the ά9ƭŜŎǘǊƻƴ Lƻƴƛǎŀǘƛƻƴέ approach)102 or by 

ƎŀǎŜƻǳǎ ƛƻƴǎ όά!ǘƳƻǎǇƘŜǊƛŎ tǊŜǎǎǳǊŜ /ƘŜƳƛŎŀƭ Lƻƴƛǎŀǘƛƻƴέ approach)103, forming unstable ions. 

IƻǿŜǾŜǊΣ ƛƴ ά9ƭŜŎǘǊƻǎǇǊŀȅ Lƻƴƛǎŀǘƛƻƴέ ό9{LύΣ ƛƻƴǎ ŀǊŜ ŦƻǊƳŜŘ in a different way, involving 

extensive solvent evaporation (desolvation).104 In an ESI ion source, a narrow metal capillary is 

held at high voltage, and a potential difference is produced between the capillary and the orifice 

of the mass spectrometer. A solution containing analyte ions (LC eluent) is sprayed from the 

capillary, and this capillary high voltage is applied to the solution to create an aerosol. This is 

known as nebulisation. 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. Solvent molecules start evaporating 

from larger charged droplets, shrinking droplets in size. The charge density on the shrinking 

ŘǊƻǇƭŜǘǎ ōǳƛƭŘǎ ǳǇ ǳƴǘƛƭ ǎǳǊŦŀŎŜ ǘŜƴǎƛƻƴ ƛǎ ōŀƭŀƴŎŜŘ ōȅ ǊŜǇǳƭǎƛƻƴ ŀǘ ǎƻ ŎŀƭƭŜŘ άwŀȅƭŜƛƎƘέ ƭƛƳƛǘΦ !ǘ 

this limit, only de-solvated ions remain. After rapid solvent evaporations, the final ions appear 

in a gas-phase state and highly-charged.105 Figure 1.3 demonstrates the process of ion formation 

through ESI technique. ESI is the preferred method to use in the majority of metabolic 

experiments, as it is shown to produce a large number of intact precursor molecular ions, 

ǘƘŜǊŜŦƻǊŜ ŎƻƴǎƛŘŜǊŜŘ ǘƻ ōŜ ŀ άǎƻŦǘ ƛƻƴƛǎŀǘƛƻƴέ ǘȅǇŜ ŀƴŘ ǎǳƛǘŀōƭŜ ŦƻǊ ǇƻƭŀǊ ƳŜǘŀōƻƭƻƳƛŎǎ, i.e. 

human biofluids. ESI has shown to reduce intermolecular fragmentation, while APCI has shown 

to induce little ion fragmentation, mainly analysing lipids and non-polar compounds. The 

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

analyser, either by being trapped in three-dimensional orbits (in the ŎŀǎŜ ƻŦ άhǊōƛǘǊŀǇέ Ƴŀǎǎ 
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analyser) or by being accelerated towards the detector depending on their kinetic energies 

ǇǊƻǇƻǊǘƛƻƴŀƭ ǘƻ ǘƘŜƛǊ ƳκȊ ǾŀƭǳŜǎ όά¢ƛƳŜ-Of-CƭƛƎƘǘέ Ƴŀǎǎ ŀƴŀƭȅǎŜǊύΦ106,107  

In summary, LC-MS is an appropriate analytical tool for untargeted metabolite profiling of 

human biofluid and tissue samples, providing detailed information on quantity and chemical 

structure of metabolites.108 LC-MS methods with appropriate chromatography, e.g. HILIC and 

electrospray soft ionisation (ESI), have been found suitable for biofluid sample metabolite 

analysis ς urine and plasma samples can be analysed with minimal sample pre-treatment, 

reduced intermolecular fragmentation due to soft ionisation and better molecule separation.109 

However, this analytical technique can cause metabolite losses during the experiment, as well 

as producing biased results due to matrix effects.109 So, there is a need for a suitable metabolite 

sample preparation and extraction procedure for certain polar metabolites, as well as correct 

processing of raw data, in order to produce highly accurate metabolite information.  

 

 

 

Figure 1.2. Schematic diagram of HPLC system typically used in LC-MS analysis experiments. 

Peng WP et al, Measuring Masses of Large Biomolecules and Bioparticles Using Mass 

Spectrometric Techniques, 2014. 
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1.3 Sample preparation and extraction aspects 
 

1.3.1 Sample preparation in LC-MS metabolomics 
 

When designing an LC-MS metabolomics study, an appropriate number and type of biological 

test samples should be considered, as well as correct procedures on how to handle them 

effectively through extraction and sample preparation. In untargeted metabolomics, it is 

particularly important to extract and prepare samples effectively, in order to obtain a large 

number of endogenous metabolites for analysis, and also to have a wider range of metabolites 

detected ς that is an aim of untargeted analysis. Generally, sample acquisition in any untargeted 

metabolomics study is primarily driven by experimental design ς if human samples are involved, 

the influences of gender, diet, age and genetic factors should be considered before collecting 

samples.110,111 To obtain statistically validated metabolite data from human and animal samples, 

sometimes a so-ŎŀƭƭŜŘ άstatistical ǇƻǿŜǊ ŀƴŀƭȅǎƛǎέ ƻǊ άǎŀƳǇƭŜ ǎƛȊŜ ŘƛǎǘǊƛōǳǘƛƻƴέ can be 

performed to ensure a sufficient number of samples are acquired for the study to reduce the 

influence of biological variability later on.112,113 These statistical analyses are normally conducted 

before sample collection to help researchers to determine the smallest sample number required 

for the study to detect a desirable level of significance. One study demonstrated the use of these 

techniques with certain modifications of statistical calculations on human and C. elegans 

microorganism samples, to decide on sample number for the experiments, and has achieved a 

high power of 0.8 for 200 samples, making a decision to run a large number of samples.114 

Figure 1.3. Schematic diagram of ESI source operated in positive mode in MS system. L 

Konerman et al, Unraveling the mechanism of Electrospray Ionisation, 2012. 
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During preparation 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 processes in biological cells. Specific techniques have been put in place to inhibit 

enzyme or oxidation activity, such as freezing in liquid nitrogen115, acid treatment116 or 

quenching in salt with low temperature methanol.117 In several studies, quenching samples in 

ice cold methanol was shown to minimise the enzyme metabolism in cells. However, this 

method demonstrated that cold shock quenching may cause metabolite leakage from cells, and 

therefore cause the loss of important metabolites.118 Quenching is used occasionally in biofluid 

and tissue sample preparation, but the method is often not well controlled and may introduce 

variability in the dataset. Therefore, extreme care and appropriate quenching methods have to 

be employed for particular types of sample.119  

For biofluid and tissue metabolomics studies, each experiment has to cover a sufficient amount 

of biological and analytical sample replicates, quality controls (QCs) and standard reference 

samples.120 This is needed for a study to have the desired statistical power to make the data 

more reliable. According to standard requirements proposed by the Metabolomics Society121, a 

minimum of three biological and five analytical replicates of each sample should be tested in 

any LC-MS experiment. QC samples are created to assess the analytical variability by mixing 

equal amounts of pooled samples together and repeatedly analysing throughout the LC-MS 

experiment.120 The design should also include the appropriate sample storage and preparation 

conditions. For most of the metabolites, the storage temperature should be around -ул / ǘƻ 

avoid their degradation.122 Recent HPLC-MS studies in untargeted biofluid metabolomics 

showed that consistent sample preparation, handling and correct storage minimises variability 

in the later analysis.31  

 

1.3.2 Extraction of biofluid and tissue based samples 
 

Over the years, many standard protocols have been established for efficient extraction of polar 

and non-polar metabolites from human and animal biofluids and tissues. Incorrect sample 

preparation has a great influence on experimental reproducibility, so it is vital to consider the 

right preparation technique. Human biofluids and tissues consist of complex fluid and matrix 

proteins, making it harder to prepare the samples for experiment using standard protocols. 

Therefore, to fully optimise the preparation methods, metabolite extraction is of paramount 

importance.123,124 
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Various extraction procedures are involved in metabolomics methodology to obtain a good 

metabolite recovery for LC-MS analysis. The most common technique used for biofluids and 

tissues is άƭƛǉǳƛŘ-ƭƛǉǳƛŘέ extraction125, where polar and non-polar metabolites are extracted by 

shaking and vortexing with organic solvents which are chosen depending on metabolite 

chemical properties ς normally methanol or ethanol for hydrophilic metabolites, chloroform or 

ethyl acetate for the lipophilic (hydrophobic) type.126,127 The main advantage of this technique 

is the generation of a biphasic sample, fractioning metabolites into aqueous and lipophilic 

organic layers, which can be analysed separately. Changing the temperature and composition 

of the extraction solvent can sometimes improve metabolite recovery but not significantly, as 

observed in a few studies.128 It is currently a challenging task to get a sufficient metabolite 

recovery in biofluid and, especially, tissue samples, to show high reproducibility. This is mainly 

due to the dynamic nature of metabolite turnover, enzymatic activities occurring inside the cells 

and a complex mixture of metabolites, as mentioned earlier.117 Quenching as a part of the 

extraction procedure helps to deal with some of these matters, however, additional steps in 

extraction are required to obtain better metabolite recoveries. Optimised extraction 

parameters for each type of sample can lead to more robust metabolomics studies.129 

Extraction steps in addition to organic solvents (which separate polar from non-polar 

metabolites), will primarily depend on the nature of the metabolites, type of biofluids, and 

compatibilities of solvents and temperatures with the LC-MS apparatus.130 For human plasma 

samples, for example, the extraction procedure would usually involve centrifugation, in order 

to separate serum from blood plasma, and deproteinisation to remove unnecessary proteins 

from the samples which may interfere with further analysis. Some studies used an anticoagulant 

to separate plasma from the whole blood sample.131 The application of acidic treatments such 

as nitric acid has also been used to separate plasma from blood but caused a severe reduction 

in the number of detected metabolites, and so are not commonly used. For urine samples, 

additional extraction steps usually involve centrifugation and a άǎƻƭƛŘ-ǇƘŀǎŜέ ǘŜŎƘƴƛǉǳŜ ǳǎƛƴƎ 

specific sorbents.132 One study involved the extraction of disease-control human urine samples 

with an extraction solvent of hydrogen chloride in water (1:1 ratio), followed by evaporation to 

dryness. The extracts were successfully recovered, and later GC-MS analysis showed a high peak 

response of metabolites. Another study described the method of solid-phase extraction on urine 

metabolites, which were successfully separated from the matrix and liquid phase by retaining 

them on an alkylated silica sorbent.133 

For tissue samples such as liver, kidney and brain, advanced extraction steps are required in 

addition to the use of appropriate solvents which separate polar from non-polar metabolites. 
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This is because extraction of tissues is the most labour intensive and error prone method in 

metabolomics, so requires extra care steps. Methods usually involve homogenisation of 

tissues134, freeze-thawing using liquid nitrogen135, mortar grinders, mixing with beads and using 

hot water baths.136 These procedures demonstrated effective breaking of cell membranes, 

helping to release intracellular metabolites. One study used bead-based homogenisation in 

combination with a standard organic solvent extraction for several animal tissues (liver, kidney 

and muscles), demonstrating high metabolite recoveries and improved extraction yields, 

compared to standard (solvent-only) techniques.137 

It is recommended that the proposed minimum standards for extraction and sample 

preparation, outlined by Metabolomics Standards Initiative (MSI), are followed.138,139 These 

extraction procedures must be used with care and knowledge of the likely impact on 

metabolomes in the samples. 

 

1.4    Data processing and current issues 
 

1.4.1 Data pre-processing and statistical analysis 
 

Data pre-processing 

After an analytical run of biological samples on an LC-MS instrument, the 3D of LC-MS data 

produced (in the form of peak intensities, mass-to-charge ratios, retention time of analytes) is 

usually obtained with a specifically written programme for the instrument, e.g., ά·/ŀƭƛōǳǊέ ŦƻǊ 

LC-MS Exactive, visually showing the spectra peaks (raw data). The raw data files are then pre-

processed to generate 2D output files, which can later be used for further statistical analysis.140 

Data pre-processing has played an important role in metabolomics research so far, with several 

bioinformatics tools assisting the accurate processing of data.141 Computational platforms, such 

ŀǎ άƳŜǘ!ƭƛƎƴέΣ ά·/a{έ and άƳȊaŀǘŎƘ,έ ǿŜǊŜ ŘŜǾŜƭƻǇŜŘ Ŧƻr a variety of pre-processing 

purposes, transferring raw data into a more organised, tabulated and accurate format.142 

άMŜǘ!ƭƛƎƴέ is intentionally designed to remove any background noise and outliers from the raw 

data, correct baseline, perform peak matching and align retention times.143 ά·/a{έ processing 

is found to be similar to άƳŜǘ!ƭƛƎƴέ, but it also helps scientists with the identification of putative 

metabolites, structural characterisation and statistical analysis. ά·/a{έ Ƙŀǎ ōŜŜƴ ǳǎŜŘ ƳƻǊŜ 

regularly in human biofluid and tissue untargeted LC-MS metabolomics and metabolite 

profiling, as well as targeted analysis. The main advantage of άXCMSέ over other pre-processing 
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software is that it can correlate specific metabolites to their biological origin and incorporate 

non-linear retention time alignment, helping to calculate relative metabolite ion intensities ς 

useful in identifying potential biomarkers later on.144 άƳȊaŀǘŎƘέ ƘŜƭǇǎ ǿƛǘƘ data pre-processing 

further by matching and aligning peaks.145 All pre-processing stages applied on the raw data are 

normally reported in detail when the studies are published, so that other scientists can replicate 

those steps again. This has been strongly recommended as a proposed minimum requirement 

by MSI.146 

However, even with advanced pre-processing tools being used, limitations still exist with the 

presence of background noise or artefact peaks often incorrectly recognised as metabolites. 

Metabolite identification algorithms, applied in those programmes, are hard to use without 

special training. Recently, a group of scientists in Molecular Parasitology, Glasgow University 

has developed a bioanalyticaƭ ǇǊƻƎǊŀƳƳŜ ŎŀƭƭŜŘ άL59haέ ǘƘŀǘ comprises several advanced pre-

processing computational programmes, ƛƴŎƭǳŘƛƴƎ άƳȊaŀǘŎƘέ ŀƴŘ άXCMSέ ǘƻƻƭǎΣ ŀƴŘ ƳŜǘŀōƻƭƛǘŜ 

identification steps.147 This was performed to improve comprehensive data processing further, 

particularly paying attention to noise filtering, correct identification of metabolites and data 

visualisation. Putative metabolites can be identified by matching their masses and retention 

times to authentic standards. Retention times of those authentic standards are uploaded into 

IDEOM before the main processing steps of the sample data. Therefore, the final list of putative 

metabolites is produced with identification confidence levels related to standards. Retention 

times of authentic standards uploaded into the programme help to make a retention time 

prediction model, assisting with confidence identification of putative metabolites.148 IDEOM is 

designed as an Excel user-friendly interface, allowing for a rapid data generation without the 

need for complicated bioinformatics skills. Additionally, IDEOM provides dual polarity data 

merging, targeted analysis and isotope tracking for normalisation.147 

Statistical analysis 

Once the pre-processing has been performed, statistical analysis can further help to detect 

significantly altered metabolites between distinct biological groups, helping scientists to find 

potential biomarkers or major changes in metabolic pathways in certain clinical conditions. 

Specific choice of statistical analysis methods depends on the design and aim of the study.149 

There are usually two main statistical approaches involved in metabolomics and other omics 

studies: univariate and multivariate analysis. The univariate approach assesses the statistical 

significance of each metabolite peak separately, using techniques such as t-test, sum test, false 

discovery rate (FDR)150 and analysis of variance (ANOVA)151. T-test compares the means of two 
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groups, for example control vs treatment/disease, calculating p values for each metabolite to 

determine their significance ς if the p value is less than 0.05, the null hypothesis stating a lack 

of statistical significance is rejected and instead accepts that there is significant difference for 

particular metabolites between the studied groups. In a large, untargeted metabolomics study, 

with a wide range of detected metabolites, a multiple hypothesis t-test for a large dataset may 

cause high false discoveries, even with a small p value threshold. Therefore, an FDR correction 

is usually performed on the metabolite dataset straight after the t-test to control and prevent a 

large total number of false discoveries.152 Univariate statistical tests help to reduce a large 

number of measured metabolites to only those which show the strongest response under the 

investigated conditions. In one study, a two-way ANOVA test investigated medication-induced 

level changes of individual metabolites, and has managed to demonstrate several statistically 

significant metabolites from patients with metastatic disease.25 However, univariate analysis 

fails to discriminate between biological groups properly if there are only minor differences 

present at the single molecule level. Multivariate analysis, on the other hand, discriminates 

between groups based on changes in single molecule levels, as well as on dependency structures 

between the individual molecules.153,154 

Multivariate analysis is usually used to reduce dimensionality (random variables) of 

metabolomics data and to see some general trends between groups in highly complex datasets, 

by dealing with multiple variables, rather than one variable as in univariate analysis. Multivariate 

analysis allows us to identify biologically relevant spectral features and biological class 

differences from the multivariate dataset.154 This type of analysis is further categorised into 

supervised and unsupervised methods. The άPrincipal Component Analysisέ (PCA) technique 

belongs to the unsupervised category that explains the variance of a dataset by analysing 

principal components (vectors of metabolite contributions), usually without a knowledge of 

metabolite classes or groups ς therefore called unsupervised. The technique focuses more on 

differences between samples, rather than between groups. PCA is often used as a starting step 

in multivariate data analysis, and has been extensively applied in untargeted metabolomics 

studies where it showed good data visualisation, clustering of sample points and sample group 

discrimnation.42,155 One of the developed unsupervised techniques, ANOVA-Simultaneous 

Component Analysis (ASCA), combines ANOVA and PCA methods, and is normally applied in 

datasets with complex designs, allowing variation in the data to be directly related to various 

design factors. This technique successfully showed the sample clustering and distribution of 

saliva metabolome in one of the studies, but the method is still under investigation.156,157 A 

supervised technique, such as άhǊǘƘƻƎƻƴŀƭ-partial least square-discriminant aƴŀƭȅǎƛǎέ όht[{-
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DA), builds on the PCA model and uses the sample group information for classification purposes. 

This classification helps to discriminate between sample groups, improving clustering and 

separation between data groups in the model, helping to identify statistically significant 

metabolites.158 However, this approach often misses some low concentration metabolites which 

are significantly changed, and which can be detected by univariate analysis. The issue of data 

over-fitting is also of a major issue in supervised technique.159 So, it is very important to choose 

the appropriate samples for this type of analysis ς human biofluid metabolite studies normally 

involve observation and analysis of several variables at a time, therefore they benefit from using 

a multivariate analysis in search of biomarkers.160 

Both univariate and multivariate analysis approaches are regularly used in human metabolomics 

studies, in particular untargeted, producing highly accurate data with clear observations 

between sample groups. This helps metabolomics research in the search for biomarkers and 

metabolic pathways associated with clinical diseases and other types of perturbation.161,162 

 

1.4.2 Issues with metabolite data 
 

Despite the advances of efficient LC-MS methodology approaches in untargeted metabolic 

studies, the majority of metabolomics data are still being affected by the presence of technical, 

instrumentational and biological effects.4,163 Because of those issues present in LC-MS analysis, 

ƛǘ ƛǎ ŎƻƳƳƻƴ ǘƻ ƻōǎŜǊǾŜ ŀ ǎƻ ŎŀƭƭŜŘ άƴƻƴ-ƭƛƴŜŀǊ ǇŜŀƪ ǎƛƎƴŀƭ ǊŜǎǇƻƴǎŜέ ŦƻǊ ƳŜǘŀōƻƭƛǘŜ 

concentrations, where the peak signal response is not proportional to the metabolite 

concentration increase.164,165 Accurate quantification of metabolites relies heavily on this 

proportional relationship, important in both untargeted and targeted metabolomics. However, 

it is hard to achieve such a proportional relationship in every single metabolomics study with all 

types of biofluid and tissue samples. Therefore, metabolite data pre-processing steps, such as 

peak detection and integration, may introduce an error in metabolite data, significantly 

affecting the statistical analysis and quality of data.   

This can happen due to several analytical issues such as signal saturation at high analyte 

concentration during ionisation, matrix effects, unwanted in-source fragmentation, metabolite 

degradation during sample preparation, all of which contribute to analytical variation between 

sample replicates.166,167 Matrix effects hugely influence metabolite data; the composition of 

evaporated sample in the ionisation chamber of the MS can affect the ionisation efficiency of 

the sample molecules and this, in turn, can lead to either ion suppression or enhancement, with 
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a huge impact on signal intensities, as well as precision and coverage of metabolome.168,169 

Matrix effects commonly happen with all types of ionisation, even with ESI.170 During in-source 

fragmentation in MS, metabolites can break down into more than one ion species, generating 

unwanted by-products of identical mass to common metabolites, complicating metabolite 

identification during the detection stage.171 Instrumentational issues include background noise 

and analytical drift in retention times, which can be easily resolved with correct solvents, column 

ŀƴŘ ǎŀƳǇƭŜ ǇǊŜǇŀǊŀǘƛƻƴΦ ¢ƘŜǎŜ ŀƴŀƭȅǘƛŎŀƭ ŀƴŘ ƛƴǎǘǊǳƳŜƴǘŀƭ ƛǎǎǳŜǎ ŀǊŜ ŀƭǎƻ ƪƴƻǿƴ ŀǎ άƻōǎŎǳǊƛƴƎέ 

sources of variability in data, introduced during experimental studies, mainly coming from 

human or instrument error. When an unwanted analytical variability occurs 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 analytical variability. 172,173  

Biological variation is a separate and more complicated issue to deal with. This type of variation 

arises between biological samples and replicates (usually in human and animal models). This 

variation is caused by dietary, environmental and physiological states, and genetic factors 

influencing the composition of metabolomes.174 Different biological cell sizes, varying sample 

measurements in the experiments (sample weight, volume) and, most importantly, varying 

metabolite concentration levels in biofluid and tissue samples all contribute towards the 

variation in metabolite data. Urine samples, in particular, show a wide variation in metabolite 

concentrations, due to biological homeostasis occurring in the human body and chemical 

complexity of metabolite breakdown products.175 Personal hydration status, large variations in 

physiological pH and osmolality, as well as unpredictable dilution of metabolite concentrations, 

makes the urine metabolome very varied. Human and animal tissues (brain, kidney and liver) 

may also introduce huge variability in metabolite data, usually because of multiple step 

extraction techniques causing errors and low reproducibility between sample replicates. Tissue 

extracts can also have different total numbers of metabolites, depending on the composition of 

cells, cell lysis efficiency and cell density within the tissue sample. Understanding the causes and 

removal of unwanted biological variation poses a great challenge in metabolomics research. 

This is further complicated by not knowing how to measure or quantify this type of variation. In 

most clinical metabolomics studies, complications may arise from a combination of biological 

and analytical data variations happening in the same sample, making it difficult to detect the 

origin of unwanted biological variation.176  
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All of the mentioned obstacles could significantly reduce the quality of metabolite quantification 

and identification, particularly in low abundant metabolites. The lack of validated quantitative 

data and non-linear responses in metabolite peaks affect the true measurement of metabolites, 

and hence their biological relevance. Therefore, there is a need to reduce these obstacles, 

particularly large metabolome data variation, with a standardised analytical method.  

 

1.5 Normalisation of metabolomics data 
 

1.5.1 Concept of normalisation 
 

To overcome the analytical, biological and instrumentational obstacles mentioned above, the 

metabolomics data can be normalised. The purpose of normalisation is to identify and remove 

both the observed and unobserved factors which trigger non-linear response between 

metabolite concentration and peak signal intensity, improving data accuracy overall.177 

Normalisation forms an integral part of metabolomics data analysis nowadays, with a variety of 

approaches being employed in untargeted and targeted studies.172,178 This includes most 

common techniques such as normalisation to creatinine (commonly used for urine 

metabolomics)179, άosmolalityέ180Σ άǘotal ion countsέ (TIC)181Σ άƳŀǎǎ ǎǇŜŎǘǊǳm total useful 

ǎƛƎƴŀƭǎέ όa{¢¦{ύ182 and the use of isotopically labelled chemical compounds as the source of 

internal standardsΣ ŀƭǎƻ ƪƴƻǿƴ ŀǎ άǎǘŀōƭŜ ƛǎƻǘƻǇŜ ƭŀōŜƭƭƛƴƎέ ό{L[ύ ƴƻǊƳŀƭƛǎŀǘƛƻƴ.183 Other less 

common techniques, which have been used in several metabolomics studies, include άōŜǘǿŜŜƴ 

ōŀǘŎƘ ǎƛƎƴŀƭ ƛƴǘŜƴǎƛǘȅέ184Σ άǎǇŜŎƛŦƛŎ ƎǊŀǾƛǘȅέ185Σ ά¦± ŀōǎƻǊōŀƴŎŜέ186, άŎŜƭƭ Ŏƻǳƴǘέ187 ŀƴŘ άƳŀǘǊƛȄ 

ƴƻǊƳŀƭƛǎŀǘƛƻƴ ŦŀŎǘƻǊέ188 methods. However, these methods were used in a specific type of study 

and were not thoroughly investigated in all types of samples, so are not regularly used. Because 

researchers want to determine metabolite concentration changes caused only by biological or 

clinical factors (e.g. disease, perturbation), rather than non-biological factors, metabolite 

normalisation is critical and necessary in LC-MS metabolomics.189,190 

Normalisation mainly targets systematic variation in LC-MS data, as it appears to be the biggest 

issue arising from errors in sample preparation, extraction and other biological fluctuations.191 

The technique detects and reduces this variation, and thus helps to improve the linear response 

and overall accuracy of data. The choice of appropriate normalisation technique depends on 

experimental design (untargeted or targeted study), statistical aims of the study and data being 

analysed (nature of samples). For biofluid or tissue samples, it is very hard to find a perfect 
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common compound or method that can be recognised as a reference for normalisation and 

effectively normalise a wide range of metabolites in those samples in untargeted metabolomics. 

Metabolite concentrations vary a lot in this type of sample, as mentioned earlier, and the degree 

of variation is different from one type of biofluid or tissue to another. Therefore, for every study, 

a different normalisation approach may be appropriate ς for example, normalisation to 

creatinine is more suitable for urine metabolomics, while MSTUS normalisation can be used for 

all types of samples/studies.178,192 

It is also important to decide how to assess normalisation effectiveness accurately. In developing 

a normalisation method, overall performance is assessed by the ability of the technique to 

minimise the variations within the same sample groups. However, more complicated 

techniques, for example those involving internal standards, which are able to remove interfering 

variation better than simple strategies, may also remove part of the useful variation and even 

increase the degree of variation in some 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 developing a normalisation method, it is also important to establish 

correlation between a new method and already existing normalisation approaches, making 

comparisons of normalised data between those techniques as part of the method validation. It 

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 post-processing data normalisation 
 

Pre-processing normalisation 

The current normalisation methods used in metabolomics studies can either be the pre- or post- 

processing type. Pre-processing normalisation occurs during the sample preparation stage, 

before the metabolite data is acquired by LC-MS, while post-processing techniques are applied 

after the metabolome data has been acquired, without affecting the sample preparation 

stage.184  In most pre-processing techniques volumes of biological samples (or metabolite 

concentrations) are adjusted according to measured quantities of specific internal standard(s). 

A suitable internal standard should show similar behaviour to a measured analyte, for the 

normalisation process to be effective. The calculated ratios of metabolite ion intensities 

adjusted to intensities of internal standard(s) are used later in statistical analysis, helping to 

reduce unwanted variation in sample metabolite concentrations. One of the advantages of pre-
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analysis normalisation is that similar instrumental responses can be observed in all the samples, 

because the same amount of internal standard is used in every sample. This advantage is very 

important, especially in ESI-MS analysis where the signal response of individual metabolites 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 overall metabolite information recovery, with 

fewer metabolites showing a non-linear response. However, one of the biggest disadvantages 

is that the technique cannot use every single compound for each metabolite of interest. 

Examples of pre-analysis techniques include SIL, creatinine value, specific gravity, normalisation 

to mass and Ultra Violet (UV) absorbance.193 

SIL normalisation is perhaps the most common pre-processing technique that can be used in 

different areas of metabolomics and pharmaceutical research, mainly used so far in targeted 

studies. In this technique, isotopically labelled internal standards are introduced right at the 

beginning of sample preparation or during metabolite extraction. The technique usually 

employs stable isotopes, such as carbon (13C), oxygen (18O), nitrogen (15N) and deuterium (2H).194 

Because physicochemical properties of isotopically labelled internal standards are similar to 

measured analytes, the signal changes caused by matrix effects can be effectively calibrated, 

improving quantification of endogenous metabolites ς a big advantage in targeted 

metabolomics. Most targeted studies showed that using an isotopically labelled standardisation 

method successfully reduces background noise and matrix effects, improving metabolite 

recovery.195 For example, one study using 13C and 15N isotopically labelled internal standards for 

phase 2 drug plasma metabolites in a pharmacokinetic study measuring glutathione conjugates, 

successfully observed an improved absolute quantification of these metabolites, compared to 

the non-normalised (without internal standards) state. This normalisation technique helped to 

obtain highly accurate pharmacokinetic data of the drugs and better understand their toxicity.196 

However, recent SIL normalisation publications have demonstrated that 2H labelled internal 

standards, for example, failed to demonstrate accurate quantification of metabolite 

concentrations, leading to unacceptable matrix effects even in the presence of labelled internal 

standards.197 The study suggested that the replacement of a hydrogen atom with a deuterium 

isotope on an ŀƴŀƭȅǘŜΩǎ Ƴolecule slightly altered its hydrophilic properties, and so affected its 

retention time, making it different from the unlabelled version of the metabolite ς this is also 

known as the isotope effect.198,199 Isotopes 15N and 18O have not been used in metabolomics that 

frequently, because, 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 in SIL normalisation.   

Normalisation to creatinine also falls into the pre-processing category and is only used in urinary 

metabolomics, expressing each metabolite level relative to creatinine concentration.200 This 

normalisation is suitable for the urine metabolome, because the rate of excretion of creatinine 

through glomerular filtration is relatively constant in human organisms under normal (healthy) 

physiological conditions.163 Therefore, this technique helps to achieve highly accurate results 

with reduced variation in LC-MS data, although SIL normalisation has also showed similar results 

in a variety of studies. Creatinine normalisation, however, is a limited technique and cannot be 

used for other types of biofluid or tissue samples, showing a clear limitation. Also, creatinine 

levels may be affected during clinical diseases, especially in renal impairment disorder, and 

therefore would not work as a normalisation technique in such a case.201 

Osmolality normalisation is another example of pre-processing technique only applied in urinary 

metabolomics. Osmolality is a direct measure of total urine solute concentration and therefore 

is also a good valid scaling factor. In some studies, it was even demonstrated that application of 

osmolality normalisation showed better separation between different biological groups, 

compared to creatinine normalisation.180,202 Normalisation to creatinine, osmolality and cell 

count can all be applied as post-processing methods as well. The limiting factor of these 

methods being post-processing is that they are applied after LC-MS analysis and so they perform 

poorly for metabolites that do not follow a linear dilution pattern ς for example, for low 

abundance metabolites which can be diluted below limit of detection or for highly concentrated 

metabolites exceeding dynamic range of mass spectrometer. Therefore, these methods being 

pre-processing can perform better and are more commonly than post-processing.180,203    

Normalisation using UV absorbance has been applied in a variety of biofluid samples such as 

plasma, urine and even body sweat and saliva. In this technique, each metabolite concentration 

is adjusted to the total concentration of solutes which absorb UV at a specific wavelength. This 

way, the technique is more representative of overall sample composition, compared to the use 

of a single internal standard such as creatinine. One study demonstrated that this method was 

preferred over creatinine normalisation in urine metabolomics and expressed highly accurate 

results. However, the biggest limitation to this normalisation technique is that it requires an LC-

UV instrument, rather than an LC-MS, and this is a very expensive instrument to use simply to 

improve data accuracy.204 
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Post-processing normalisation 

In post-processing normalisation, the samples are not experimentally normalised and therefore 

do not require additional time-consuming steps during extraction and sample preparation, 

showing a clear advantage over the pre-processing method. This is especially important to 

consider when a large number of samples are analysed. However, any post-processing 

normalisation does not involve internal standards, so individual metabolite signals are adjusted 

based on a certain criterion or common denominator, not necessarily closely related to specific 

metabolites. Therefore, the analyte signals may be less linearly scaled with metabolite 

concentrations in complex biological studies, showing lower data accuracy than pre-processing 

techniques. Common examples of post-processing techniques are MSTUS, TIC, normalisation to 

osmolalityΣ ŎŜƭƭ Ŏƻǳƴǘ ŀƴŘ άƳŜŘƛŀƴ ŦƻƭŘ ŎƘŀƴƎŜέ.184 

The MSTUS technique uses the sum of all peak height intensities of metabolites within a sample 

chromatogram as a common denominator, calculating ratios which are 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 dataset have the 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 be appropriate normalisation in such cases.180,182 

As is the case with creatinine normalisation, normalisation to osmolality is only common in urine 

metabolomics, because urine osmolality is a direct measure of total urinary solute 

concentrations.205 Osmolality also provides a true physiological measure of urinary metabolite 

concentration. But, as with creatinine normalisationΣ ǘƘƛǎ ǘŜŎƘƴƛǉǳŜΩǎ ŘƛǎŀŘǾŀƴǘŀƎŜ ƛǎ that it is 

limited to urine metabolomics, and during renal disease or impairment, osmolality can be hugely 

affected. Also, this type of normalisation requires a special clinical instrument to measure 

osmolality that is not easily available.  

It is clear that post-processing normalisation has more limitations than advantages when 

compared to pre-processing normalisation. However, there are circumstances when pre-

processing normalisation might not be suitable for a particular set of samples or is too 

expensive.  
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1.5.3 Comparison of normalisation techniques 

  
So far, it is clear that the decision as to which is the most suitable normalisation technique in 

LC-MS metabolomics is based upon several factors: type and number of biological samples 

(biofluid, tissue), normalisation accuracy, cost, convenience (time consuming or not), and 

availability of specific instruments or conditions. Table 1.1 summarises the advantages and 

disadvantages of common pre- and post-processing methods, with a focus on instrument 

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

From the general comparison in table 1.1, it can be seen that SIL normalisation technique using 

isotopically labelled internal standards has major advantages when compared to other 

methods. It helps to produce higher quality data 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 studies 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 not limited to a 

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, freeze-dryer or osmometer (for osmolality 

measurements), making the sample preparation method easier. And finally, 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 detection.199  

Normalisation 
technique 

Pre or post 
processing type 

Advantages Disadvantages Suitable 
sample type 

Creatinine Pre-processing 
Post-processing 

- Constant levels during 
normal conditions  
- Relatively inexpensive 
- Quick and easy to 
perform 

- Limited to urine 
metabolomics only 
- Creatinine levels may not 
be constant during 
perturbations/renal 
impairment 

Urine 

Cell count Pre-processing 
Post-processing 

- Accurate technique 
- Direct measure of cell 
numbers 

- Larger variations 
observed, especially with 
small cell numbers 

Tissues 

MSTUS Post-processing - More universally 
applicable 
- Easy to make 
calculations 
- Contribution from 
artefacts and xenobiotics 
is minimised 

- Not entirely accurate as it 
ŘƻŜǎƴΩǘ ǳǎŜ a specific 
internal standard for each 
metabolite 
 

All types 

Normalisation 
to mass 
(weight) 

Pre-processing 
Post-processing 

- Samples are adjusted to 
the same mass 
concentration to reduce 
matrix effects 

- Extraction volumes are not 
the same for each sample, 
so may have effect on 
extraction recovery 
- Time consuming process 

Tissues 
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Osmolality Pre-processing 
Post-processing 

- Provides closest 
measure to physiology of 
urinary concentration 

- Limited to urine 
metabolomics 
- Requires specific 
instrument 

Urine 

SIL (isotopes) Pre-processing - Normalisation of 
individual metabolite to 
specific internal standard 
(higher accuracy 
obtained) 
- Internal standards 
having similar 
physicochemical 
properties as analyte 
metabolites 
- Easy to purchase 
(especially 13C) 

- Cannot cover a wide range 
of metabolites (availability 
limited) 
- Expensive to purchase 
individually labelled 
standards for use with each 
metabolite 
- Some isotopes 
(deuterium) might express 
isotope effect 

All types 

TIC Post-processing - More universally 
applicable 
- Easy to make 
calculations 

- Not entirely accurate as it 
ŘƻŜǎƴΩǘ ǳǎŜ a specific 
internal standard for each 
metabolite 
- Involves all sorts of signals 
including those from 
artefacts and xenobiotics 

All types 

UV absorbance Pre-processing - High accuracy 
measurement 
- Low sample 
consumption 

- Requires expensive LC-UV 
instrument 
- Accuracy may be reduced 
in disease state 

All types 

 

 

The most common isotope used in SIL normalisation is usually 13C, since the majority of analysed 

metabolites contain carbon atoms in their structure. So, a wide range of metabolites can be 

normalised using this isotope in comparison to other isotopes such as 5N or 18O. The 13C isotope 

is found to be more abundant and stable than 2H, as 2H can be easily vaporised in the ionisation 

chamber of the mass spectrometer. In contrast, 2H would be preferred over the 13C isotope in 

NMR based metabolomics due to sensitivity issues. Unlike deuterium, 13C labelled internal 

standards do not cause the isotope effect when their carbon atoms are replaced with isotope 

on the molecular structure.194 

 

1.5.4 13C normalisation approach and current limitations 
 

During 13C normalisation, single or multiple internal standards can be used, with the latter type 

usually favoured. Using a single 13C labelled metabolite standard to normalise each metabolite 

peak makes the technique very limited and assumes that all compounds experience the same 

variation as the internal standard, which is not an accurate assumption. In some respects, it is 

similar to a creatinine normalisation, where every metaboliteΩǎ concentration is dependent on 

Table 1.1 Advantages and disadvantages of various pre- and post-processing normalisation 

techniques applied to biofluid and tissue samples 
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one standard. A single standard cannot sufficiently represent specific analytical features or 

discriminations for all of the analytes.195 The decision to use multiple standards, on the other 

hand, may be a more reasonable choice; they are applied to analytes which elute within a 

specified retention time window.206 Preferably, each internal standard should be assigned to 

normalise its unlabelled pair (analyte metabolite peak) ς for example, a 13C labelled amino acid 

L-alanine would normalise unlabelled L-alanine. The analyte 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 should not be influenced by any analytical 

discriminations or by a certain type of metabolite class, e.g., lipophilic or hydrophilic 

compounds.198 When the exact internal standard could not be found for a particular metabolite, 

a different internal standard with similar chemical properties, such as the same retention time, 

coulŘ ōŜ ǳǎŜŘ ƛƴǎǘŜŀŘ όǘƘƛǎ ŎƻǳƭŘ ōŜ ǘŜǊƳŜŘ άŎƻ-Ŝƭǳǘƛƻƴέ ƴƻǊƳŀƭƛǎŀǘƛƻƴύΦ207 However, this may 

present a potential issue ς retention time does not fully reflect 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 co-elute with the same retention time.194 In some 

untargeted and targeted metabolomics studies, applying 13C isotopically labelled internal 

standards, even co-eluted ones, has shown an accurate normalisation and reduction in data 

variation for most of the metabolites through statistical analysis.189,206,208 Other studies 

ŜȄǇǊŜǎǎŜŘ ŎƻƴŎŜǊƴ ǿƛǘƘ ǊŜƎŀǊŘǎ ǘƻ ǳǎƛƴƎ άŎƻ-ŜƭǳǘŜŘέ ƛƴǘŜǊƴŀƭ ǎǘŀƴŘŀǊŘǎ ŦƻǊ ƳŜǘŀōƻƭƛǘŜ 

normalisation, for the reasons mentioned earlier, and have demonstrated other ways of 

normalising metabolites which could not be matched with their labelled versions ς one method 

was to normalise them by their own unlabelled versions from quality control (QCs) samples, 

while other study normalised such metabolites by the sum of all internal standards in the 

samples. Both techniques showed some progress but had their own limitations and potential 

inaccuracy of normalising data.209 

Normalisation calculations and assessment 

This type of normalisation usually involves calculating the ratios between peak areas or height 

intensities of unlabelled metabolites of interest and their 13C labelled internal standards.86 

These calculated ratios are referred to as normalised data, which are later used in univariate 

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

calculated by simple division of labelled by unlabelled peak areas or intensities for each 

metabolite (13C/12C). To assess the normalisation technique, two methods are normally used: 

άǊŜƭŀǘƛǾŜ ǎǘŀƴŘŀǊŘ ŘŜǾƛŀǘƛƻƴέ όw{5ύ ŎƻƳǇŀǊƛǎƻƴ ŀƴŘ ƳǳƭǘƛǾŀǊƛŀǘŜ ǎǘŀtistical analysis via PCA and 

OPLS-DA 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 to percentage RSDs of unlabelled metabolites, to see if there is a significant 

improvement or not.173 If metabolites are found to be normalised successfully, their 

normalised percentage RSD would be significantly reduced compared to unlabelled percentage 

RSDs, showing the reduction in inter-individual sample variation. However, an increase in 

percentage RSD would indicate unsuccessful normalisation, where either the wrong 13C peak 

had been used or there were no 13C peaks which could be used to normalise the metabolite ς 

ŜǾŜƴ άŎƻ-ŜƭǳǘŜŘέ ƻƴŜǎΦ /alculated ratios are also uploaded into a multivariate programme to 

produce PCA and OPLS-DA plots for further normalisation assessment, looking at the degree of 

separation between data groups and the cluster effect of replicate points. Successful 

normalisation would indicate a large degree of separation between the groups and tight 

clustering between replicate points.210  

Limitations of the technique and a possible solution 

Despite the regular use of 13C 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 metabolites such as  carvedilol was noticed 

after using a 13C labelled standard, affecting the calculated ratio between labelled and 

unlabelled carvedilol and causing inaccuracy.199 Other studies demonstrated that internal 

standards had an effect on analyte structure and concentration, and flow rate in 

chromatography, all of which could cause ion suppression. However, the main advantages of 

using 13C internal standards, as mentioned earlier, outweigh these limitations.  

It has been noticed that in untargeted metabolomics, where a wide range of metabolites are 

detected, it is hard to achieve this sort of normalisation for all the analysed metabolites. 

Regrettably, it is difficult to obtain isotopically labelled standards for individual metabolites, as 

13C labelled compounds are very expensive to purchase, as well as it being difficult to synthesise 

a wide range of labelled standards for each metabolite due to chemical diversity. Therefore, 

currently there is reduced availability of commercially available isotopes.190 To address these 

issues, isotopically labelled microorganisms could be applied instead as a source of internal 

standards, because they contain a wide range of polar and non-polar metabolites ς this makes 

them potential internal standards.190,208 Bacteria, fungi and yeast organisms, for example, are 

found to have a similar metabolome to human biofluids and tissues211-214, making them a very 

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

and effective method.  

Several bacterial cells such as Escherichia Coli (E. coli)189 and Spirulina190, fungi Fusarium 

graminearum194 and yeast Pichia pastoris215 have already been used as sources of (U)-13C 

labelled internal standards in untargeted studies, focusing on reducing data variation and 

improving accurate quantification of intracellular metabolites in plants, wheat or 

parasites.190,216,217 In all of these studies, the microorganism was grown in (U)-13C labelled 

glucose limited culture media, in order to generate successfully labelled extracts. The quality 

of the normalisation method in each study was assessed by an absolute quantification 

technique, calculating the ratios between the unlabelled (U)-12C and labelled (U)-13C peaks, and 

constructing calibration curves to measure absolute concentrations of metabolites. These 

studies managed to show excellent results with a large number of identified metabolites 

showing reduced variability between replicates and accurately measured absolute 

concentrations.189,190 However, these untargeted studies were not used with clinical human or 

animal samples. Scientists identified that  insufficient research has been performed with (U)-

13C labelled microorganisms for normalisation in untargeted human and mammalian 

metabolomics, thus opening an opportunity for further research. (U)-13C normalisation also has 

a long history in targeted metabolomics218,219, flux studies220 and in vivo metabolic studies221, 

all of which were involved with human, animal and other types of living organisms.  

When it comes to choosing the most suitable microorganism as a source of internal standards, 

it is important to choose the one that has the closest resemblance to the mammalian (human) 

metabolome. Comparing metabolomes of different microorganisms (bacteria, e.g., E. coli; 

yeast, e.g., Saccharomyces cerevisiae; fungi, e.g., Aspergillus genus)213,214,222 to the human 

metabolome (HMDB)53 using the published research approved databases, one can see that 

yeast Saccharomyces cerevisiae and bacterium E. coli have large 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 yeast cultures usually growing faster and to a 

higher density. Yeast and human organisms are both eukaryotic, while bacteria are prokaryotic. 

However, to date, more 13C normalisation studies have been performed using bacterial 

organisms as a source of internal standards, as opposed to yeast. This suggests that bacterial 

organisms might work very well in untargeted normalisation of mammalian samples, so should 

be tried first, before testing yeast organisms. 
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More investigations need to be done with regard to (U)-13C normalisation in untargeted 

mammalian (human, animal) metabolomics. This 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 variability in concentrations of a wide 

range of metabolites in human and mammalian samples, as well as reducing associated matrix 

effects, can help scientists to improve data accuracy in large clinical metabolomics studies. This 

will help metabolomics research in finding potential biomarkers and metabolic pathways in 

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 metabolomics in search 

of potential biomarkers, where any type of normalisation method including SIL technique was 

involved in order to help improve the data accuracy. Metabolome data accuracy in this context 

can be defined as a clear identification of metabolites, accurate quantification and reduction in 

data variability between analytical sample replicates. 

The main issue for that is the struggle to normalise such a wide range of polar and non-polar 

metabolites, usually found in mammalian samples, by using highly accurate method. Some 

methods including MSTUS, TIC have been applied in the past in untargeted studies but mainly 

in environmental, toxicological and pharmaceutical experiments, as mentioned earlier. The use 

of 13C normalisation and especially the use of bacteria in the method has not been applied in 

detail in mammalian studies. The 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 

samples, improving data accuracy significantly. This gap in research has been addressed before 

in mammalian untargeted studies by using several normalisation techniques such as MSTUS and 

TIC, however it did not demonstrate a good reduction in data variability. 13C normalisation has 

never been used before in untargeted mammalian studies, therefore it is a clear opportunity for 

metabolomics research to apply this method now. Targeted metabolomics using 13C 

normalisation has already shown a good progress in improving data accuracy but only in specific 

metabolites, not a wide range. 

This thesis, for the first time, presents a potential LC-MS based method, applying (U)-13C 

isotopically labelled bacterial organism as a source of internal standards, to normalise human 

and animal samples in untargeted metabolomics. In this thesis, the detailed experimental work 
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will demonstrate how this method has been developed using an appropriate bacterial organism 

labelled with 13C isotope, validated using mammalian samples and applied in clinical untargeted 

studies to improve metabolite data accuracy and to answer the clinical question of the studies.  

Chapter two will describe the method used to develop (U)-13C labelled bacterial extract and the 

LC-MS analytical method. It will compare two bacterial organisms, E. coli and Spirulina, in terms 

of their metabolome, extraction optimisation and quality, to determine the suitable source for 

normalisation. The chosen organism will be uniformly labelled with 13C isotope and tested for 

isotopic labelling purity. The LC-MS analytical method will also be optimised for an efficient 

analytical run of samples. 

Chapter three will focus on applying the proposed normalisation method on human brain, urine 

and mouse plasma samples, in order to observe the reduction in statistical variation between 

biological and analytical replicates through statistical tests ς percentage RSD comparison, 

univariate and multivariate analysis ς and to fully validate the proposed method. 

Chapters four and five will focus on the application of a validated normalisation method on fully 

clinical biofluid and tissue based samples, improving the accuracy of metabolome data and 

helping to search for potential biomarkers and metabolic pathways. The clinical conditions 

wƘƛŎƘ ǿƛƭƭ ōŜ ǳǎŜŘ ŀǊŜΥ άŘƛŀōŜǘŜǎέ όŎƘŀǇǘŜǊ four) and άƭƻǿ ƎǊŀŘŜ ƎƭƛƻƳŀ ŎŀƴŎŜǊέ όŎƘŀǇǘŜǊ five). 

Chapter six will make the final conclusions on the effectiveness of the proposed method in 

clinical metabolomics, evaluating the advantages and disadvantages, as well as suggesting the 

future path for the method. 

So, to summarise, the main specific research aims of this work are the following: 

1. To develop a novel LC-MS based method for metabolite profiling of mammalian biofluid 

and tissue based samples using SIL normalisation approach: 

¶ To develop a (U)-13C labelled bacterial organism as a source of internal standards by 

choosing an appropriate bacterial organism, extraction and labelling parameters 

(chapter two) 

¶ To apply and validate the normalisation method with a small number of mammalian 

samples to observe the effect of the method (chapter three) 

 

2. To apply the validated normalisation method in clinical mammalian samples in search 

of potential biomarkers and metabolic pathways (chapters four and five). For each 

clinical chapter: 
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¶ To incorporate the U-13C labelled bacterial extract in animal and human 

biofluid/tissue samples, run LC-MS analysis and normalisation  

¶ To identify key statistically significant metabolites between control and intervention 

groups from highly accurate data 

¶ 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. 

 

 

 

Figure 1.3 Typical untargeted metabolomics workflow in identification of putative metabolites 

and potential biomarkers (general schematic diagram) 
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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 U-13C labelled metabolites (internal standards), having a similar central 

metabolome to those normally found in human body fluids and tissues.223,224 Bacterial extracts 

acting as isotopically labelled sources of internal standards, have previously been involved in 

metabolomics and related scientific disciplines, mainly normalising data in targeted studies by 

improving metabolite quantification and accurately calculating metabolite fluxes.189,190,195 In 

several studies, bacterial organisms such as Escherichia Coli (E. coli)177, Spirulina225, 

Trypanasoma brucei (T. brucei)226 have been shown to grow with certain isotope (13C in most 

cases) and used later in variety of biochemical, environmental and metabolomics normalisation 

experiments. The novelty in this thesis, however, is an application of a similarly developed 

isotopically labelled bacterial extract for the first time in mammalian body fluid and tissue 

samples, as a means to normalise their metabolome in clinical untargeted studies, for accurate 

determination of potential biomarkers or statistically significant metabolites between control 

and disease states, as stated in chapter one.  

In order to produce such a high quality source, several considerations need to be taken into 

account. The 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 tissues, and cost-effective growth and extraction parameters. Once an appropriate 

bacterium is chosen, the next step would be to grow and label it with a 13C source covering a 

wide range of metabolites, assess the quality of extract produced and its stability in long-term 

storage conditions. Already some of the research has been performed in this area, where variety 

of bacterial extracts were designed for different metabolomics purposes and these 

considerations had to be taken into account.227-229 These considerations will ensure the 

production of an excellent source of internal standards for normalisation. Appropriate bacterial 

growth conditions achieving high density cultures, suitable cost-effective extraction technique, 

excellent extract spectrum quality and a large number of detected metabolites in common with 

the human metabolome, are all important factors when selecting the right bacterium as a 

source of internal standards for this project.  

Suitable growing conditions involve culturing bacteria in the right medium with appropriate 

nutrients, pH, temperature and length of incubation.230 Particular types of bacterial culture 

methods already exist in microbiology and are usually selected based on the agent being 
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cultured.231 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 variety of Escherichia 

coli (E. coli) strains, Spirulina, Streptobacillus, Staphylococcus and other common bacteria.232 

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 acids.233 LB medium, for example, is widely 

used in microbiology research, as it allows bacteria such as E. coli (wide range of strains) to grow 

fast and in large amounts in laboratory conditions up to a cell density of 1g/1dcw.234 This is a 

great advantage over 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.235,236 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 

alpha-ketoglutaric acid 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 incubation.237 Other 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 short-term storage.238 It is also important to set up the right pH for a good 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 instance, E. coli grows best around pH 7 and can even grow in 

acidic conditions, so LB is an appropriate culture medium for its growth where the pH can be 

easily adjusted.239,240 Spirulina, on the other hand, requires relatively high pH values between 

9.5 to 9.8, and therefore a different cuƭǘǳǊŜ ƳŜŘƛǳƳ ǿƻǳƭŘ ōŜ ŀǇǇƭƛŎŀōƭŜΦ CƻǊ ŜȄŀƳǇƭŜΣ ½ŀǊǊƻǳƪΩǎ 

medium (SM) consists of phosphate, sodium bicarbonate and ammonium nitrate, all of which 

would help to increase the pH to the optimal value for Spirulina.241,242  

Temperature control during bacterial incubation is also an important parameter, which is 

chosen depending on the type of bacteria, with some requiring low optimal temperatures 

(ranging from -20°C to +10°C), moderate temperatures (+20°C to +45°C) and others requiring 

higher (above 45°C).243 Most bacteria used in laboratories, such as E. coli, Spirulina, Salmonella 

and Bacillus subtilis, are found to adapt to moderate temperatures and are also known as 
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άƳŜǎƻǇƘƛƭŜǎέΦ244 The required temperature, carbon dioxide and oxygen levels are normally kept 

constant in the incubator throughout bacterial growth.245 The length of incubation, however, is 

controlled by the user and bacteria can be removed from the incubator 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 growth rate ς carbon dioxide is 

believed to inhibit enzymatic reactions necessary for growth246,247, while oxygen may react 

negatively with anaerobic bacteria (E. coli, Staphylococcus genus, Spirulina) causing an organism 

to die.248 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 

microbiology ς plate counts that involve counting the number of actively growing bacterial cells 

in a sample 249, flow cytometry analysis250, radiometry251, determination of biomass 

concentration by dry weight technique252, as well as measuring optical density (OD) values to 

follow bacterial population growth in real time.253 Methods such as plate counting and dry 

weight biomass determination are found to be time-consuming 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 growth. OD measurements are performed under an assumption that OD value is 

proportional to the bacterial cell number.254 OD values are usually taken after the completion 

of the bacterial incubation stage but can also be taken at any time point.255 Knowing 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), growing and dividing 

(exponential phase) or has reached its maximum growing point (stationary phase).232,256 When 

a bacterium reaches 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 bacterial cells usually 

happens due to growth limiting factors such as depletion of essential nutrients or inhibitory 

products affecting the growth rate.257 From previous studies, E. coli is expected to grow to an 

optical density of 1 up to maximum value of 7 at 600nm, where the growth rate reaches 

saturation.258 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 study.259 The growing process is 

schematically shown in figure 2.1. Biosafety precautions when dealing with a variety of 

pathogenic and non-pathogenic bacteria should always be considered when choosing to work 

with particular bacteria. Level one bacteria such as E. coli, Spirulina and Bacillus subtilis are non-
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pathogenic and commonly used in microbiological laboratories.260 Bacterial organisms such as 

Staphylococcus aureus, Salmonella, Mycobacterium tuberculosis belong to higher biosafety 

levels (twoςthree), and so are restricted to certain laboratory personnel with permission to 

access those pathogenic bacteria.261 

 

2.1.2 Bacterial extraction and isotope labelling 
 

Depending on bacterial species, a variety of extraction methods exist to obtain polar, non-polar 

(lipid) and protein compounds. These techniques involve similar extraction solvents, as 

discussed in chapter one ς usually methanol/ethanol for polar metabolites and 

isopropanol/chloroform for lipid fractions.262,263 For obtaining intracellular bacterial 

metabolites, the additional extraction steps may involve the use of liquid nitrogen or heating 

baths to help initiate cell wall lysis or peptidoglycan destruction (in outer membrane), thus 

assisting with extraction of intracellular metabolites.264 Other extraction techniques may involve 

the use of filtration systems such as pore-size pre-sterilised filter paper to separate bacterial 

cells from medium, or the use of glass beads and homogeniser to lyse the cells more 

efficiently.265 Quenching methods are hugely involved in bacterial extractions nowadays, as they 

rapidly cool the temperature of culture media, usually using ice-cold methanol. These methods 

are applied to bacterial cells in order to release intracellular metabolites and inactivate 

enzymatic reactions.266 Different bacterial cell types (gram-positive and -negative) have 

different cell wall compositions, and therefore the amount of leaked intracellular metabolites 

caused by various quenching methods can differ between organisms, so specific methods exist 

for each bacterium.119 In some instances, the released intracellular metabolites may start to 

Figure 2.1 Bacterial growth curve over a period of time during incubation of any bacteria 
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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 to the actual bacterial 

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. For E. coli bacterium it was found that the best extraction approaches were to either use 

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

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

the bacterial cell wall for metabolites access, as well as rapidly quenching enzymatic changes in 

metabolites.267 Extractions using strong acids or alkali (NaOH or KOH), on the other hand, 

indicated low extraction performance resulting in destruction of important metabolites.268 In 

one E. coli study, various extraction methods were compared to find the most suitable 

technique to extract the largest number of metabolites. Extraction with cold (-40°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 techniques including 

acidic and alkaline treatment generated poorer quality of extract.269 Spirulina bacteria are 

normally extracted using a ǎƻƭǾŜƴǘ ŜȄǘǊŀŎǘƛƻƴ ǘŜŎƘƴƛǉǳŜ όŜǘƘŀƴƻƭ ŀƴŘ ǿŀǘŜǊύ ƻǊ ǳǎƛƴƎ άǎǳǇŜǊŦƛŎƛŀƭ 

ŦƭǳƛŘ ŜȄǘǊŀŎǘƛƻƴέ ǿƛǘƘ ŎŀǊōƻƴ ŘƛƻȄƛŘŜ ŀƴŘ ŜǘƘŀƴƻƭΦ ¢Ƙƛǎ ƭŀǘǘŜǊ ǘŜŎƘƴƛǉǳŜ Ƙŀǎ ōŜŜƴ ǎƘƻǿƛƴƎ ŎƭŜŀǊ 

advantages over other methods as it was easier and faster than the solvent extraction technique 

for isolating compounds.241,270  

 

 

 

 

 

 

 

 

Figure 2.2 Bacterial cell wall lysis and the release of intracellular metabolites during extraction 

and quenching techniques (detergent referred to in this image is extraction/quenching solvent) 
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When it comes to 13C-labelling of a bacterium, it is important to introduce 13C 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 metabolites.271,272 As described in chapter one, so 

far, isotopically labelled bacteria 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 13C-labelled E. coli extract was used for large scale 

quantification of metabolite levels in human African Trypanosoma brucei species189, whereas 

another study involved 13C-labelled Spirulina to quantify intracellular metabolites in Clostridium 

autoethanogenum species.190 In order to incorporate 13C isotopes into a bacterial metabolome, 

the right medium has to be chosen. In the case of growing E. coli with 13C 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 12C isotopes in its ingredients. This medium is usually chosen to avoid a huge 

incorporation of 12C isotopes and to ensure that the majority of metabolites would be labelled 

with 13C isotope instead.189,273 However, the growth rate for E. 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 can then be exchanged into isotopically defined minimal 

media for isotopic incorporation.274 This procedure using two media (unlabelled, followed by 

13C-labelled) has been successfully demonstrated in a study of labelling recombinant proteins 

with 13C isotope, achieving a higher yield of labelled proteins (threefold) compared to the yield 

when only M9 minimal medium has been employed.275 Therefore, to ensure a good growth rate 

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

unlabelled (LB) and minimal isotopically 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 an LC-MS based method using high quality U-13C-

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 extract: E. 

coli MG1655 and lyophilised Spirulina. Both of these bacterial organisms 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 were successfully labelled with 13C isotopes before, showing 

promising results.189,190  

E. coli and Spirulina have been consistently analysed in metabolomics studies, for medical and 

pharmaceutical research, over several years.276,277 Variety of E. coli strains have been 

investigated to design antibiotics277, treatment interventions and understand the pathogenesis 

of the bacteria.278 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 effects.279-281 As mentioned previously in chapter one, both bacteria have been 

used in metabolomics, particularly for normalisation studies, proving a uniformly 13C labelled 

extracts. These studies have demonstrated the effectiveness of normalisation and the 

usefulness of bacteria.189,190  

E. coli bacteria will be grown in microbiological 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 above.269,282 

Spirulina bacteria will be purchased directly from a manufacturer, as it is an easier and faster 

process to obtain readily available bacteria than growing it in the laboratory. Before 13C-labelling 

will take place, both bacteria will be analysed in an unlabelled environment (without 13C 

isotope), to decide which bacterium could be labelled later ς to prevent expensive unnecessary 

experiments. Details of E. coli growth is described fully in the Methods section. 

As described earlier, these bacteria will require specific extraction and quenching methods, 

some of which will be tested and optimised to develop high quality extracts with large numbers 

of detected metabolites. Techniques will involve the use of liquid nitrogen, ice-cold methanol 

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

and hot water baths to aid bacterial cell wall lysis and release of intracellular metabolites, all of 

which are mentioned above and applicable for E. coli269 and Spirulina.283 Details of those 

procedures are described in the Methods section. 

In addition to bacterial labelled extract development, the LC-MS analytical method has also 

been optimised in this chapter. Two LC-MS methodologies with different gradient 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 and detection 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 studies.189,284 Overall analytical 
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running time and 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. Choose the appropriate bacteria for isotopic labelling 

¶ Grow unlabelled E. coli bacteria using the established protocol  

¶ Optimise the extraction parameters for E. coli bacteria and perform LC-MS analysis 

¶ Optimise the extraction parameters for Spirulina bacteria and perform LC-MS analysis 

¶ Observe the spectra quality of both bacteria. Perform data processing using IDEOM  

¶ Compare the detected metabolomes of both bacteria with the HMDB to determine the 

appropriate bacterium  

2. Generate 13C-labelled bacteria extract 

¶ Grow the chosen bacteria with the 13C-labelled source (glucose), extract it with chosen 

optimised parameters and perform LC-MS analysis (repeating steps in Aim 1, above) 

¶ Test the quality of labelled extract by measuring the amount of labelled metabolites   

3. Develop an efficient cost-effective LC-MS method with optimised conditions 

¶ Compare two analytical LC-MS methods with different flow gradients and total running 

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

and observe the quality of spectra and number of detected metabolites 

¶ Run a chosen (unlabelled) bacterial extract with the chosen LC-MS method to fully 

validate it 

4. Generate a series of 13C-labelled extracts and observe their quality consistency 

(performed throughout the PhD project). 
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2.2 Materials and Methods 
 

2.2.1  Materials, chemicals and sample preparation 
 

Materials and chemicals  

Mobile phase solvents used for this study (to wash zic-pHilic column, needle and other LC parts) 

were 20mM of ammonium carbonate in purified water (A) and HPLC-grade acetonitrile (B), both 

ǇǳǊŎƘŀǎŜŘ ŦǊƻƳ ά{ƛƎƳŀ-!ƭŘǊƛŎƘέΣ DƛƭƭƛƴƎƘŀƳ. Solvents used for extraction of bacteria were 

ƳŜǘƘŀƴƻƭΣ ŀŎŜǘƻƴƛǘǊƛƭŜ όά{ƛƎƳŀ-!ƭŘǊƛŎƘέύ ŀƴŘ ŀ ƳƛȄǘǳǊŜ ƻŦ ŀŎŜǘƻƴƛǘǊƛƭŜΣ ƳŜǘƘŀƴƻƭ ŀƴŘ ǇǳǊƛŦƛŜŘ 

water (AMW, 2:2:1 ratio) prepared in the laboratory. Positive and negative MS calibration 

solutions ά/ŀƭƳƛȄέ όƳƛȄǘǳǊŜǎ ƻŦ ƎƭȅŎƛƴŜΣ ŀŎŜǘƛŎ ŀŎƛŘΣ ŎŀŦŦŜƛƴŜ ŀƴŘ ǳƭǘǊŀƳŀǊƪύ have been prepared 

by analytical group in the laboratory and stored in a -20oC fridge. Zic-pHilic column (4.6x150 

mm, 5µm particle size) ǿŀǎ ǇǳǊŎƘŀǎŜŘ ŦǊƻƳ άaŜǊŎƪ {Ŝvǳŀƴǘέ ŀƴŘ ǘŜǎǘŜŘ ōȅ ŀƴŀƭȅǘƛŎŀƭ ƎǊƻǳǇΦ  

12C Spirulina whole cells (lyophilised powder), unlabelled, were ǇǳǊŎƘŀǎŜŘ ŦǊƻƳ ά/Y LǎƻǘƻǇŜǎ 

Limitedέ [ŜƛŎŜǎǘŜǊǎƘƛǊŜΦ  

E coli MG1655 strain was initially cultured on agar plate by the bacteriology group laboratories, 

Centre of Biomolecular Sciences. The growth of E coli MG1655 was supported by LB culture 

medium (prepared by the same department) and M9 culture medium (prepared by mixing 

100mL of 5xM9 salts, 1mL of 1M magnesium sulphate, 1mL of 1M calcium chloride, 3mL of 2M 

thiamine, 5mL of either 13C-labelled or unlabelled glucose 20% solution, 445mL aseptically 

purified water per litre). All M9 minimum medium chemicals were orderŜŘ ŦǊƻƳ ά{ƛƎƳŀ 

!ƭŘǊƛŎƘέΣ with the exception of purified water (provided by the bacteriology group) and 

uniformly 13C-labelled (U-13/сΣ фф҈ύ ƎƭǳŎƻǎŜ όƻǊŘŜǊŜŘ ŦǊƻƳ ά/Y LǎƻǘƻǇŜǎ [ƛƳƛǘŜŘέΣ /ŀƳōǊƛŘƎŜύΦ 

A set of 268 authentic standards (10mM and 100mM concentrations of amino acids, 

carbohydrates and peptides) were used in an analytical run of the samples and were prepared 

ŦǊƻƳ ŎƘŜƳƛŎŀƭǎ ƻǊŘŜǊŜŘ ŦǊƻƳ ά{ƛƎƳŀ-!ƭŘǊƛŎƘέ (see Appendix A1 table).  

The samples and standards were stored in Eppendorf tubes, and later transferred into 200µL 

thread viaƭǎ όά/ƘǊƻƳŀǘƻƎǊŀǇƘȅ 5ƛǊŜŎǘέύ ŦƻǊ the LC-MS run. 
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Growth of E. coli MG1655 bacteria (unlabelled and 13C-labelled) 

Over the period of time, several E. coli extracts (first unlabelled, later 13C-labelled) were 

produced in the same conditions, with the growing procedures taking place in the bacteriology 

group in the Centre of Biomolecular Sciences, University of Nottingham. Each produced extract 

had a volume of 10mL, as the equipment for growing bacteria was limited, so only a small 

amount of extract could be produced at a time. In order to produce 10mL of unlabelled E. coli 

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 in an ά!ƭƭŜƎǊŀέ 

incubator ŀǘ от /. 500µL of the grown E. coli was 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 hours. The cultures in the flasks were allowed to reach a 

density of 1x106 cells/mL or more, measured by optical dŜƴǎƛǘȅ ǊŜŀŘŜǊ ά.ƛƻƳŀǘŜέ ǎŜǘ ŀǘ сллƴƳ 

wavelengthΦ .ŀŎǘŜǊƛŀƭ ŎŜƭƭǎ ǿŜǊŜ ǘƘŜƴ ŎŜƴǘǊƛŦǳƎŜŘ ŀǘ олллƎΣ пϲ/ ŦƻǊ мл ƳƛƴǳǘŜǎ όάIŀǊǊƛŜǊέ муκул 

centrifuge) to obtain the bacterial pellets for extraction. Labelled 13C E. coli were grown under 

the same conditions, with 20% U-13C glucose instead of unlabelled glucose.189  

E. coli MG1655 extraction optimisation  

Several extraction methods were tested on E. coli pellets during this study, in order to decide 

the most effective technique in obtaining the bacterial extract with wider metabolite coverage. 

Extraction ǘŜǎǘǎ ǿŜǊŜ ŘƻƴŜ ǳǎƛƴƎ ŀ άŦǊŜŜȊŜ-ǘƘŀǿέ ǇǊƻŎŜŘǳǊŜΣ ŎƻƳōƛƴŀǘƛƻƴǎ ƻŦ άŦǊŜŜȊŜ-ǘƘŀǿέ ŀƴŘ 

άǾŀŎǳǳƳ ŘǊȅƛƴƎέ procedures (drying extraction), as well as using different extraction solvents 

such as acetonitrile: methanol: purified water (AMW) in 2:2:1 ratio, or pure methanol, in various 

volumesΦ ¢ƘŜ άŦǊŜŜȊŜ-ǘƘŀǿέ ǇǊƻŎŜŘǳǊŜ ƛƴǾƻƭǾŜŘ freezing the E. coli pellet solutions in liquid 

nitrogen for one minute (extra safety precautions had to be considered to avoid the hazard of 

liquid nitrogen), defrosting (thawing) them on the surface of the ice and vortex mixing them for 

30 seconds. The άfreeze-thawέ procedure was repeated at least four times to ensure the 

bacterial cell wall had been broken in the E. coli pellets. Mixtures were then centrifuged using 

the άIŀǊǊƛŜǊ 18/80έ ŎŜƴǘǊƛŦǳƎŜ ŦƻǊ ǘŜƴ ƳƛƴǳǘŜǎ ŀǘ молллƎ ŀǘ п / ǘƻ ƻōǘŀƛƴ ǘƘŜ ǎǳǇŜǊƴŀǘŀƴǘǎ 

(upper layer solutions).189 The extra steps in the drying extraction method involved adding cool 

extraction solvent into the tubes again (according to the optical densities of bacteria), repeating 

the άŦǊŜŜȊŜ-ǘƘŀǿέ ǇǊƻŎŜŘǳǊŜ ŦƻǳǊ ǘƛƳŜǎΣ ŎŜƴǘǊƛŦǳƎƛƴƎ ǘƘŜ ǘǳōŜǎ ƛƴ ǎƛƳƛƭŀǊ ŎƻƴŘƛǘƛƻƴǎ ŘŜǎŎǊƛōŜŘ 

above, as well as putting the tubes into a centrifugal evaporator όάWƻŀƴέύ for several hours to 

evaporate the solvents and dry the E. coli pellets. These dried pellets were later reconstituted 

with extraction solvent before LC-MS analysis. The extraction of 13C-labelled E. coli extracts was 
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performed using several extraction methods producing various samples (described later in 

Results and Discussion sections). All the tubes with E. coli extracts (unlabelled or labelled) were 

stored at -ул / ǳƴǘƛƭ [/-MS analysis.  

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 freeze-thaw (non-drying) extraction of E. coli. For this experiment, two sets of 

bacterial cultures (500µL of bacteria in 500mL media volume) were grown and each was 

extracted by a different method (either drying or non-drying). Two sets of samples were 

produced and analysed by LC-MS ς five analytical replicates of dried extract and another five 

of non-dried. The extraction solvent used in this experiment was ice cold methanol; the same 

volume (4mL) was applied to all bacterial extracts in the falcon tubes. Figure 2.3 shows a 

schematic drawing of the sample preparation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.3 E. coli sample preparation using two extraction techniques in the first set of 
experiments 
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The second set of experiments of E. coli extraction looked at the solvent choice of AMW (2:2:1 

ratio) or pure methanol, and several volumes, to find efficient extraction parameters. AMW 

and methanol were chosen, as they seemed to be appropriate for extraction of polar 

metabolites and have been regularly used in the past.285 The volumes tested were 2mL, 3mL 

and 4mL ς 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 concentrated E. coli extracts) could generate better quality 

extract. A small volume of E. coli (100µL) has been used for each extraction experiment, instead 

of 500µL, because a variety of extraction techniques were tested simultaneously, so growing 

large quantities of bacteria for each experiment would have been too much. Twelve types of 

E. coli extracts were generated: non-dried extracted in 2mL, 3mL and 4mL volumes of AMW 

solvent; non-dried extracted in 2mL, 3mL and 4mL volumes of methanol solvent; dried 

extracted in 2mL, 3mL and 4mL volumes of AMW solvent; and dried extracted in 2mL, 3mL and 

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

The third set of experiments for E. coli extraction was testing the chosen extraction parameters 

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

 

12C Spirulina extraction optimisation 

In order to extract metabolites from the unlabelled whole cells Spirulina powder in methanol or 

acetonitrile solvents, various techniques were applied. One technique involved a simple mix of 

a weighed amount of Spirulina powder (10mg) in either 2mL, 3mL or 4mL of ice-cold methanol 

or acetonitrile solvents in volumetric vials using vortex and shaking, before pipetting different 

volumes of mixed solution into 200µL thread vials for LC-MS analysis (creating several 

replicates). The optimised, improved technique tested several concentrations of Spirulina 

solutions in ice-cold methanol and acetonitrile solvents (10mg/2mL, 10mg/3mL, 10mg/4mL) 

and more thorough solubilisation extraction: the samples were vortex mixed for 30 seconds, 

put into a ball mill άwŜǘǎŎƘ aaолмέ at 25.0 1/s speed for three minutes, put into a water bath 

ŀǘ пр / ŦƻǊ нл ƳƛƴǳǘŜǎΣ ǘƘŜƴ ŎŜƴǘǊifuged όάIŀǊǊƛŜǊέύ at 4200rpm for three minutes and vortexed 

vigorously again several times. The supernatants were then pipetted into fresh tubes, and later 

transferred into 200µL thread vials. The procedures followed a recommended FDA report on 

Spirulina whole cells solubilisation.241 All samples from different extraction techniques were 

stored at -ул / ŀƴŘ ǿŜǊŜ ŀƴŀƭȅǎŜŘ ǿƛǘƘ the LC-MS instrument. 
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2.2.2 Analytical LC-MS methodology 
 

The LC-MS instrument used in this study to run the bacterial extract samples was a combination 

of Orbitrap ESI-MS Exactive coupled with Accela autosampler LC (Thermo Fisher Scientific). 

Bacterial samples and standards were transferred into 200µL thread vials specific for LC-MS runs 

and filled up to the volume before being placed on autosampler for a run. E. coli and Spirulina 

optimisation extract samples were run with the 24-minute methodology.189 Once a suitable 

bacterial organism was chosen, it was then run on the 18-minute method for full validation. 

Results of the two methods were later compared. 

Chromatography was carried out using a ZIC-pHILIC column (Merck SeQuant), which was 

maintained at 30C throughout the run. In the 24-minute method, samples were eluted with a 

linear gradient decreasing from 80% mobile phase B to 5% within 15 minutes, followed by an 

increase of gradient back to 80% within two minutes and maintenance until the 24th minute, 

with a flow rate of 300µL per minute. In the 18-minute method, the linear gradient elution 

decreased from 80% mobile phase B to 5% within the first 12 minutes, followed by a rapid 

increase back to 80% within a minute and maintenance until the 18th minute, with the same flow 

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

the autosampler.  

a{ ά9ȄŀŎǘƛǾŜέ ǿŀǎ ƻǇŜǊŀǘƛƴg in both positive and negative polarity switching modes throughout 

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

following settings were applied: resolution 50,000; mass-to-charge (m/z) ratio 70-1400; capillary 

voltage 40V; capillary temperature 275°C; sheath gas 40 units. Mass calibration has been applied 

ōŜŦƻǊŜ ǘƘŜ ǊǳƴΣ ŦƻǊ ŜŀŎƘ ǇƻƭŀǊƛǘȅΣ ǳǎƛƴƎ ά/ŀƭƳƛȄέ ǇǊŜǇŀǊŀǘƛƻƴ όǇƻǎƛǘƛǾŜ ŀƴŘ ƴŜƎŀǘƛǾŜ ƳƻŘŜ ƳƛȄǘǳǊŜǎ 

of glycine, ultramark, caffeine), covering low molecular weight molecules up to 70m/z.  
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The calibration 268 standards were prepared by diluting stock solutions of various unlabelled 

metabolites (including common amino acids, organic acids and nucleotides ς similar to the ones 

found in human biofluids) to the appropriate concentrations with water or methanol. The 

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 spectra (see Appendix A1 table). The standard mixtures samples 

were analysed together with Spirulina and then separately with E. coli samples. Methanol was 

Analytical details: Methodology: 

Instrument: Exactive Orbitrap ESI-MS and Accela 
Autosampler LC 

Calibration mixture: άCalmixέ (positive and negative) 

Polarity: Switching (positive and negative) 

Mass resolution: 500,000 FWHM 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 

Spray voltage (kV) 4.5 

Capillary voltage (V) 40 

Tube voltage (V) 70 

Skimmer voltage (V) 20 

HESI temp ( C) 150 

Capillary temp (C) 275 

Sheath gas (units) 40 

Aux gas (units) 5 

Sweep gas (units) 1 

Autosampler temp ( C) 4 

Injection volume (µL) 10 

LC Solvent A (Aqueous phase) 20mM Ammonium Carbonate in 
purified water 

LC Solvent B (Organic phase) HPLC-grade Acetonitrile 99% 

LC-MS column: ZIC-pHILIC 

Column diameter (mm) 4.6 

Column length (mm) 150 

Pore size (µm) 5 

Column temp ( C) 45 

Flow rate (µL/min) 300 

Table 2.1 Methodology parameters chosen for all LC-MS experiments throughout 

the study. 
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used as a reagent blank in every analytical run. Table 2.1 (above) summarises the LC-MS 

conditions which were applied throughout the analysis. 

 

2.2.3 Data processing and analysis  
 

¢ƘŜ Ǌŀǿ Řŀǘŀ ŦǊƻƳ ŀƭƭ ǘƘŜ ǘŜǎǘ ǎŀƳǇƭŜǎ όƛƴ ǘƘŜ ά·ŎŀƭƛōǳǊέ ŦƻǊƳŀǘύ ǿŜǊŜ pre-processed with 

ά·/a{έ ǎƻŦǘǿŀǊŜ ŦƻǊ ǳƴǘŀǊƎŜǘŜŘ ǇŜŀƪ-picking144, ŦƻƭƭƻǿŜŘ ōȅ ŎƻƴǾŜǊǎƛƻƴ ƛƴǘƻ άƳȊ·a[έ ŀƴŘ 

άƳȊaŀǘŎƘέ ŦƻǊƳŀǘǎ for peak matching and annotation of related peaks.141 άL59haέ ǎƻŦǘǿŀǊŜ 

(Welcome Trust Centre for Molecular Parasitology, University of Glasgow) was chosen as a main 

data pre-processing and processing software to filter the background noise and putatively 

identify metabolites.147 The programme selected the most relevant metabolites and rejected the 

ones with poor signal or unmatched retention times, reducing the general noise background. 

Positive and negative modes of data were also combined to see the full presence of all 

metabolites in each sample. Statistical analysis was applied to the processed data to improve its 

accuracy and significance.142 MetŀōƻƭƛǘŜ ŀƴƴƻǘŀǘƛƻƴ ƛƴ άL59haέ ǿŀǎ ŀŎƘƛŜǾŜŘ ōȅ ƳŀǘŎƘƛƴƎ 

accurate masses and retention times of observed peaks in the data to metabolites in the 

included database, inside IDEOM programme, which incorporated all likely metabolites from 

wide range of biological databases. Metabolite annotation was also done by matching peaks to 

authentic standards but not for all metabolites. The final lists of identified and rejected peaks 

were annotated with confidence scores regarding the identification of each metabolite, based 

on retention times and molecular masses ς from score 1 (least confident) to 10 (most one). If 

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 measured retention time was within 

35% or more, the confidence score would be 7 or less. Metabolites with confidence scores of 5 

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

would be rejected. άwŜƭŀǘŜŘ ǇŜŀƪǎέ ǿere also annotated by IDEOM as possible ESI artefacts, 

isotopes, adducts, fragments based on their retention times, peak shape and correlation of peak 

intensities. wŀǿ Řŀǘŀ ŦǊƻƳ ǎǘŀƴŘŀǊŘǎ ǿŜǊŜ ǇǊƻŎŜǎǎŜŘ ŀƭƻƴƎǎƛŘŜΣ ŎƻƴǾŜǊǘƛƴƎ Ǌŀǿ ά·/ŀƭƛōǳǊέ Řŀǘŀ 

ƛƴǘƻ ά¢h·-I5έ ŦƛƭŜǎ ŀƴŘ ǳǇƭƻŀŘƛƴƎ ǘƘŜƳ ƛƴǘƻ ǘƘŜ άL59haέ ǇǊƻƎǊŀƳƳŜ ǘƻ ŎǊŜŀǘŜ ŀ ŎŀƭƛōǊŀǘƛƻƴ 

graph.286 

Unlabelled E. coli and Spirulina processed metabolome data were then compared to the existing 

human metabolome database (HMDB)53 to see which bacterium provides the most number of 

metabolites in common with human biofluids (urine, blood, saliva). The spectra quality of each 

bacterium sample has also been compared. It was decided at this point that whichever extract 
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provides the highest number of putative metabolites was enough to make a decision on which 

bacterial organism to use. The chemical nature of metabolites detected was not as important as 

the total number of metabolites in the extract overall (preference was given to more hydrophilic 

compounds). Most important aspect of choosing an extract is for its rich wide range 

metabolome, most of which matches with metabolites from HMDB. E. coli metabolome 

database, EMDB, has been used as well, to verify that detected metabolites in E. coli extract was 

correct and indeed belonged to E. coli metabolism, but otherwise the EMDB was not used in 

data processing ς when comparing metabolomes of E. coli and Spirulina. As the analysis is 

untargeted and there is no aim of detecting particular metabolites or classes of metabolites, the 

use of EMDB and HMDB have only be used for direct comparisons. Attention to isomers and 

other physicochemical properties was not very significant.   

For U-13C-labelled E. coli data, additional processing steps have been aǇǇƭƛŜŘΣ ǳǎƛƴƎ άƳȊaŀǘŎƘ-

L{hέ ŦǳƴŎǘƛƻƴ ŀƴŘ άwέ ǎƻŦǘǿŀǊŜ ǇǊƻƎǊŀƳƳŜΦ 5ŀǘŀ ƎŜƴŜǊŀǘŜŘ ŦǊƻƳ άL59haέ ǿŜǊŜ ǇŀǎǎŜŘ ǘƘǊƻǳƎƘ 

these programmes to see which metabolites were successfully labelled. PDF and Excel files were 

created showing the chromatogram graphs of isotope peaks of labelled metabolites, the ratios 

of unlabelled and 13C-labelled 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.287 

Data pre-scaling has been achieved through pre-processing stages using IDEOM software, where 

unwanted signals, background noise, artefacts have been removed, as well as scaling the data in 

order to put the samples and variables on a comparable scale. In the next chapter, normalisation 

stage contributed to pre-scaling of the data. Data pre-scaling was important to minimise variable 

redundancy and make all variables more comparable in size.288 
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2.3 Results and Discussion 

2.3.1 Optimisation of the metabolite extraction protocol for E. coli 
 

A series of metabolite profiling experiments have been performed on unlabelled E. coli 

extracts, which were produced (extracted) under different conditions (see methods section for 

more details). The aim was to determine the optimised extraction method for E. coli to 

generate an extract with the highest number of putative metabolites and excellent peak signal 

response. 

First set of experiments: comparing drying and non-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. After extraction and LC-MS analysis, 

IDEOM results revealed totals of 513 and 588 putative metabolites detected in unlabelled dried 

and non-dried E. coli extracts, respectively, showing similar results (see figure 2.4 a and b). In 

both extracts, the majority of putative metabolites detected were of amino acid metabolism, 

ŦƻƭƭƻǿŜŘ ōȅ ŎŀǊōƻƘȅŘǊŀǘŜǎ ŀƴŘ άƻǘƘŜǊǎέ όǇƻƭŀǊ ƳŜǘŀōƻƭƛǘŜǎύΦ ²ƘŜƴ ŎƻƳǇŀǊƛƴƎ ƳŜǘŀōƻƭƻƳŜǎ 

of non-dried and dried extracts, there was a lot of similarity in the content and nature of 

metabolites, but it was noticed that in non-dried 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 non-dried extract replicates (TICs of E8 for all of 

the samples), compared to dried extract replicates (TICs of E7 or even E6) which showed fewer 

peaks in their spectra. This suggests that the non-drying extraction technique presented 

slightly better results than drying, with a larger number of detected metabolomes, 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 experiment. It is also a time-consuming process. From this 

experiment it could be seen that non-drying extraction works better for E. coli than the drying 

technique. However, the overall number of putative metabolites was lower than expected (in 

previous E. coli metabolite profiling studies there were 700ς800 metabolites), so there was a 

need to look into further extraction parameters such as solvent choice and volumes being used. 
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Second set of experiments: optimisation of volume and solvent 

The small volumes of bacteria in each flask had an optical density of 1.0 or above. The results, 

in the form of total number of detected putative metabolites for each type of extract, are 

presented in figure 2.5. The highest number was observed in both non-dried extracts by 2mL 

volume of methanol and AMW solvents (547 in methanol and 504 in AMW). Compared to the 

other volumes (3mL and 4mL), it seems that extraction in 2mL of either solvent in non-drying 

conditions produced a better extract with slightly higher number of detected metabolites. This 

can be explained that 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 was not observed to be big 

when extraction solvent was increased. The possible explanation for this could have been due 

to a small amount of extraction volumes used. By increasing extraction solvent by 1mL might 

not have been enough to make bacterial intracellular metabolites become highly diluted in 

extracellular medium (solvent). Even with 4mL volume used, ǘƘŜ ŜȄǘǊŀŎǘΩǎ ŎƻƴŎŜƴtration would 

still be very high and so a high number of metabolites were detected.119 The choice of solvent 

did not make a huge difference, with methanol showing slightly better 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 numbers (463 and 455, respectively) compared to the 

other volumes. The peak signal response for non-dried extracts (both solvents, any volume) 

was relatively high (E8), compared to dried extracts which showed a poorer quality of spectra. 

This suggests that the most effective extraction parameters for E. coli would be the non-drying 

Figure 2.4. The metabolite composition of E. coli extracts in drying extraction (A) and non-drying (B).       
Percentages represent the number of metabolites, split by biochemical class. 
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technique, with a 2ml volume of methanol solvent. To confirm these chosen extraction 

parameters, a large volume of E. coli (500µL) was tested next. 

 

 

Third set of experiments: large scale growth of E. coli 

The chosen extraction parameters were later applied on larger-scale E. coli (500µL inoculums), 

with 10mL of ice-cold methanol solvent used (proportional to the earlier experiment where 2mL 

of solvent was applied for 100µL bacterium), to see if comparable results can be achieved than 

the small-scale optimisation experiment. This large-scale 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 extracted E. coli under the chosen optimised 

methods. In the first experiment, bacteria 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 (OD). Figure 2.6 presents the metabolomes of E. coli in those 

experiments (763 and 787 metabolites). The majority of detected metabolites in both extracts 

ǿŜǊŜ ƻŦ ŀƳƛƴƻ ŀŎƛŘΣ ŎŀǊōƻƘȅŘǊŀǘŜ ŀƴŘ άƻǘƘŜǊέ ōƛƻŎƘŜƳƛŎŀƭ ŎƭŀǎǎŜǎΦ Lǘ ǿŀǎ ŀƭǎo observed, in those 

experiments, that growing large-scale E. coli in 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 ς a higher OD value was reported in the first experiment. This suggests 

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

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

than for 500µL 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 

ό¢L/ǎ җ 98) in both experiments ς see figure 2.7. These final experiments confirmed that the 

chosen extraction parameters were appropriate for E. coli.  
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Figure 2.7. Example of two spectra  of E. coli  500µL/10m L sample analysed by "XCalibur" software 
showing metabolite peaks during a 24 -minute run. The signal response (TIC) i n both i s recorded as 1.13  
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2.3.2 Optimisation of the metabolite extraction protocol for Spirulina 

Several untargeted LC-MS Exactive experiments were performed on generated Spirulina 

extracts to identify the suitable extraction conditions, and the results were compared to those 

of E. coli.  

First set of optimisation experiments: Volume test 

Firstly, it was decided to see if Spirulina (10mg) could be extracted with either ice-cold 

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 that it was possible to extract Spirulina in a simple mix with solvents. Three 

analytical replicates were made for each type of sample. Simple mixing of Spirulina powder 

with acetonitrile solvent, followed by vortex mixing, was unfortunately not sufficient to 

solubilise all of the powder at any volume, even with 4mL. Some of the powder managed to 

solubilise, however, a large amount of powder remained undissolved at the bottom of the 

Eppendorf tubes. When the small solubilised Spirulina in all of the tested sample replicates was 

analysed by LC-MS, the detected number of total putative metabolites was observed to be 

lower than in E. coli (around 300ς350 putative metabolites in each extraction experiment). The 

produced samples generated very weak peak signal responses of metabolites (TICs of E4 on 

average) ς lower than expected. When 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 blockage because the powders were not dissolved at all.) Although 

Spirulina is a gram-negative bacterium (genus cyanobacterium) and consists of a thinner 

peptidoglycan layer in its cell wall compared to gram-positive, it was not sufficient for methanol 

or acetonitrile to dissolve the cell wall thoroughly without additional extraction steps. It was 

decided at that stage to improve the extraction techniques further.  

Second set of optimisation experiments: additional techniques  

With modified techniques applied (ball mill, water bath and centrifugation), the metabolite 

profiling results improved. Metabolite profiling results of Spirulina 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 metabolites from 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 10mg/3mL and 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 that Spirulina was successfully solubilised 

using the advanced extraction techniques 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 difference. In all of the experiments, however, it was noticed that peak signal 

response for metabolites was still observed to be lower than expected (TICs E7) with a high 

background noise. Figure 2.8 shows the metabolite profiling results of Spirulina extracted in 

concentrations of 10mg/2mL for methanol and acetonitrile solvents. Figure 2.9 (A and B) shows 

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

values. 
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Figure 2.8 The metabolite composition of Spirulina extracts (10mg/2mL) in methanol (A) and 
acetonitrile (B) solvents. Percentages represent the amount of metabolites split by biochemical 

class. 
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2.3.3 Comparison of unlabelled E. coli and Spirulina metabolomes with 

human biofluid metabolites 
 

Comparison 

High quality data of unlabelled E. coli and Spirulina bacterial metabolomes, with the largest 

number of putative metabolites taken from previous experimental data (787 for E. coli and 596 

for Spirulina), were directly compared to the online human metabolome database (HMDB)53, in 

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 metabolites and are usually 

investigated in metabolomics clinical studies.54,61,289 

The metabolome of E. coli ǿŀǎ ƛƴƛǘƛŀƭƭȅ ǾŜǊƛŦƛŜŘ ǿƛǘƘ ǘƘŜ άE. coli ƳŜǘŀōƻƭƻƳŜ ŘŀǘŀōŀǎŜέ214, to 

confirm the nature of metabolites detected in the experiments with metabolites already 

registered on the online database (a reliable source from past research studies on E. coli 

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

Figure 2.9 The full spectrum of Spirulina samples (10mg/2mL) extracted in methanol (A) and 

acetonitrile (B) ŀƴŀƭȅǎŜŘ ōȅ ά·/ŀƭƛōǳǊέ ǎƻŦǘǿŀǊŜ ǎƘƻǿƛƴƎ ƳŜǘŀōƻƭƛǘŜ ǇŜŀƪǎ ŘǳǊƛƴƎ a 24-minute run. 

The signal response (TIC) is recorded to be 3.00E7 
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detected metabolites was not possible (the metabolome had to be checked with published 

research papers describing detection of Spirulina metabolites).290,291 From direct comparison 

with the human metabolome database, E. coli appeared to have more metabolites in common 

with biofluids (plasma and urine) than Spirulina, as shown in figure 2.10 (A) (658 E. coli 

metabolites, 492 Spirulina). When both 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 acids (L-

alanine, L-proline, L-phenylalanine); nucleotides (AMP, adenine and cytidine); carbohydrates (D-

glycerol); common organic acids and other biochemical entities.212 This was an expected 

observation, as both bacteria would require 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 in Spirulina but were present in E. coli data (and were 

found to be in common with human biofluids) were important amino acids (L-adrenaline, L-

cysteine, L-lysine), carbohydrates (D-glucose, D-glycerate), organic acids (maleic acid, orotate, 

picolinic acid, pyruvate), nucleotides (ATP, ADP, GMP), all of which are found to be essential for 

the general growth of an organism. Detailed comparison tables of E. coli, Spirulina and human 

biofluid metabolomes are found in appendix (Table A2). 

Overall, these results have demonstrated that both E. coli and Spirulina have a lot of metabolites 

in common with human urine and plasma biofluids, but E. coli has shown better results with 

more metabolites in common with biofluids. The metabolome of E. coli extract showed the 

presence of some key metabolites which were missing in the Spirulina extract ς amino acids L-

cysteine and L-lysine and several important nucleotides. The absence of those metabolites in 

the Spirulina extract could have been due to the preparation of the lyophilised dry powder by 

the manufacturer. It appears that one of the drying methods using hot drums can significantly 

reduce the  level of sulphur in amino acids such as L-cysteine, L-methionine and L-lysine, as 

investigated by FDA research.292 Therefore, it is important to know how the Spirulina powder 

was produced and by which drying method. This aspect is difficult to control, as most Spirulina 

powders are produced industrially. As mentioned earlier, solubilisation and extraction of 

Spirulina were also found to be challenging aspects, even with all the recommended extraction 

equipment used. Ineffective solubilisation could have led to a loss of some key metabolites.   
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Figure 2.10 (B) shows the number of metabolites detected in each biofluid (human blood and 

urine) for each bacterial extract metabolome. Similar numbers and identities of E. coli 

metabolites were found in both biofluids (523 and 563), as was the case for Spirulina (383 and 

411), suggesting that there was no significant variation in metabolome between the biofluids 

when analysing individual extracts. Important metabolites, including 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.   

 

 

Deciding on the most suitable bacterial extract 

Based on all the bacterial metabolite profiling experiments conducted so far, it has been 

concluded that the E. coli extract appears to be a more suitable bacterial microorganism for the 

development of internal standards than Spirulina. E. coli has shown a larger number of detected 

putative metabolites and better quality sample spectra (with higher TIC values). In addition to 

this, the E. coli metabolome was found to have more metabolites in common with human 

biofluids (blood and urine), and some key metabolites that are not detected in Spirulina, thus 

giving E. coli a big advantage. It was also observed that extraction of E. coli was found to be a 

lot easier and more effective in generating a high quality extract, as Spirulina has shown poor 

solubility during extraction (even with improved techniques) and involved multiple steps.293 E. 

coli bacteria have, therefore, been chosen for future normalisation experiments. 
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Figure 2.10 Comparison of metabolomes of unlabelled E. coli and Spirulina extracts with metabolites 
of human biofluids ς blood and urine. General comparison (A) and comparison with each biofluid (B). 
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2.3.4 LC-MS method validation 
 

Two LC-MS methods (18 and 24 minutes ς 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 time-efficient as 

possible. Reducing the overall running time of the samples from 24 to 18 minutes 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 new 18-minute method, in the first series of 

experiments, 268 authentic standards (split into five groups) were analysed with both the 24 

and 18-minute methods, in turn, using the same LC-MS conditions described in the methodology 

section of this chapter. Those 5 groups (samples) were run three times each (3 analytical 

replicates) first by the 24-minute method, followed by the 18-minute method, in one big 

sequence. In the second set of experiments, an E. coli extract (500µ in 10mL, three replicates) 

were run with both the 24 and 18-minute methods using the same LC-MS 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 by TOX-ID and IDEOM software, as described in the 

methodology section. 

Authentic standards analytical run 

After the 24-minute method analysis, 170 metabolites out of 268 tested authentic standards 

(68%) managed to show full detection with clear peaks and high extracted ion chromatogram 

values (E7 or E8). Their presence was detected in all three replicate samples. These results were 

similar to the data obtained in previous experiments where authentic standard mixtures were 

run alongside E. coli and Spirulina bacterial samples, and they showed a similar percentage of 

detected standards. In all the experiments where standards were analysed with the 24-minute 

method, TOX-ID software showed that the detected standard metabolite peaks were very close 

to expected retention times of authentic standards, confirming metabolite identification. 

L59ha ƎǊŀǇƘ ƻŦ άŜȄǇŜŎǘŜŘ ǊŜǘŜƴǘƛƻƴ ǘƛƳŜǎ Ǿǎ ŜȄǇŜǊƛƳŜƴǘŀƭ όƻōǘŀƛƴŜŘύ ǊŜǘŜƴǘƛƻƴ ǘƛƳŜǎέ ƻŦ 

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 between 0.6ς0.7, 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 the 24-minute 

method. The number of detected authentic standard metabolites was slightly lower (163 out of 

250, 65.2%) with clear high extracted ion chromatogram peaks (E7 or E8) 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 theoretical values. In figure 2.11, the examples of spectra of 

authentic standards mixture group 1 (containing 103 metabolites), 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 very high TIC (E8). However, it was noticed that there 

was a presence of retention time drift, with some of the peaks in the 18-minute spectrum 

eluting later than in the 24-minute one. However, this did not affect the identification of 

standards metabolites significantly. 

 

 

Figure 2.11 Spectra of authentic standard group 1 mixture sample in 24-minute LC-MS method 
(A) and 18-minute LC-MS method (B) 
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E. coli extract analytical run 

To fully validate the proposed 18-minute LC-MS method, the recently developed E. coli extract 

has also been analysed with 18 and 24-minute methods in turn. After data processing by IDEOM, 

the total number of detected putative metabolites in the E. coli extract from the 24 and 18-

minute methods did not differ significantly (745 and 740 metabolites, respectively). When 

looking at the spectra quality in figure 2.12, there was a slight difference in the number of peaks 

and shape profiles between the 24 (A) and 18 (B) minute spectra, with some peaks in the 18-

minute spectrum co-eluting at different retention times to the 24-minute 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 great extent ς metabolite identification with IDEOM was still accurate and unaltered. The 

TIC values were reported to be high (E8) in both spectra. 

 

 

 

 

 

 

A 

Figure 2.12 Spectra of E. coli extract sample in 24 minutes LC-MS method (A) and 18 minutes 
LC-MS method (B) 
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Based on the results from both experiments (with authentic standards and E. coli), it was 

concluded that using the 18-minute LC-MS method in future experiments for normalisation and 

clinical applications is still accurate and allows detection of a wide range of polar and non-polar 

metabolites.  

 

2.3.5 Generation of a 13C-labelled source of internal standards and 

testing its quality 
 

Labelling test  

Since E. coli bacterial organism has been established as a potential candidate for a source of 

internal standards, it was ready to be uniformly labelled with 13C isotopes. U-13C-labelled E. coli 

extract was produced under the same conditions as unlabelled extract, with the exception of 

U-13C glucose as one of the growing constituents, and analysed with LC-MS Exactive, alongside 

an unlabelled extract, under the proposed 18-minute LC-MS method conditions. 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 E8).  

After the processing of those ŘŜǘŜŎǘŜŘ ƳŜǘŀōƻƭƛǘŜǎ ǿƛǘƘ άƳȊ-Match-Lǎƻέ ǎƻŦǘǿŀǊŜΣ ƛǘ ǿŀǎ 

confirmed that 548 putative metabolites (77%) were successfully labelled with 13C isotope. The 

majority of the labelled metabolites were found to be amino acids, nucleotides, organic acids, 

carbohydrates and a small proportion of lipids, as was expected. The lack of 13C isotope in the 

remaining unsuccessfully labelled metabolites (23%) could possibly have resulted from the 

contribution of 12C from carbon dioxide that was introduced while E. coli was growing, or from 

Lysogeny Broth (LB) culture medium that had been used for initial E. coli growth prior to using 

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

which contains 12C isotopes.235 

Quality of the U-13C-labelled E. coli extracts 

The labelled E. coli extracts which were produced for all the normalisation and clinical 

experiments (see chapters three, four, five and six) were checked for their quality ς specifically, 

the amount and nature of 13C-labelled metabolites. !ŦǘŜǊ ǇǊƻŎŜǎǎƛƴƎ ǘƘŜ Řŀǘŀ ǿƛǘƘ άƳȊ-Match-

Lǎƻέ ǎƻŦǘǿŀǊŜΣ ƛǘ ǿŀǎ ŎƻƴŦƛǊƳŜŘ ǘƘŀǘ ƻƴ ŀǾŜǊŀƎŜ ŀǊƻǳƴŘ ул҈ ƻŦ ǇǳǘŀǘƛǾŜ ƳŜǘŀōƻƭƛǘŜǎ ƛƴ ŜŀŎƘ 

extract were successfully labelled with 13C isotope (fully or partially labelled), with the remaining 



73 
 

20% not showing any presence of 13C isotope in their structure. As in the first labelling 

experiment, the majority of the 13C-labelled metabolites were found to be of common amino 

acids, carbohydrates and common organic acids. The majority of the 13C-labelled metabolites in 

each extract had isotopic purity of more than 85ς90%, with some even expressing 100% 13C 

purity. Figure 2.13 (A) shows the examples of several successfully labelled metabolites 

ǇǊŜǎŜƴǘŜŘ ƛƴ ƻƴŜ ƻŦ ǘƘŜ ŜȄǘǊŀŎǘǎΣ ŀƴŀƭȅǎŜŘ ōȅ ǘƘŜ άƳȊ-Match-Lǎƻέ ǇǊƻƎǊŀƳƳŜΣ ǿƘƛŎƘ ŎŀƭŎǳƭŀǘŜŘ 

the percentage of 13C isotope purity. In figure 2.13 (B), the whole metabolome of E. coli extract 

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

 

 

 

 

 

 

 

45%
34%

20%

13C labelling efficiency of E. coli metabolites

Fully 100% labelled Partially labelled (30%-90%) Unlabelled

B 

 

Figure 2.13 Isotopic purity of U-13C labelled E. coli extract, chosen as an example ς isotope purity 

of labelled extract (A) and labelling efficiency of whole metabolome (B) 
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It was concluded that E. coli extracts were successfully labelled with 13C isotopes, showing a 

wide range of polar labelled metabolites 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 three for more details). 

 

2.4 Conclusion 

In this chapter, 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 accurate data 

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

method for the analysis of metabolites in human clinical samples. 

E. coli appears to be a suitable bacterial organism as a source of internal standards. E. coli extract 

has shown a wide range of metabolites, most of which were in common with human biofluid 

metabolomes (mainly human blood and urine), in comparison to Spirulina results. The peak 

signal response, in the form of TICs in spectra for each extract, was found 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 successful E. coli extract, while in Spirulina the extraction 

and optimisation techniques failed to generate an excellent extract. Finally, growing E. coli was 

a lot cheaper than purchasing Spirulina powder. These results confirmed that E. coli was suitable 

choice. 

U-13C-labelled E. coli extracts managed to show very good isotope labelling of a large 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 previous studies, where E. coli 

metabolome was labelled at high isotopic purity.189,208 Other microorganisms, such as fungi, have 

also been involved in labelling experiments, with their metabolome successfully labelled with 

13C isotope.194 

As U-13C-isotope labelled E. coli extract 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 metabolites in untargeted metabolite profiling 

experiments.  
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Chapter Three  

 

Validation of the normalisation 

method using human and animal 
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3.1    Introduction 
 

3.1.1  Concept of validation and its purpose 
 

In chapter one, the concept of normalisation has been introduced as the means of reducing 

unwanted analytical and technical LC-MS data variation in metabolite concentrations of 

samples that normally has a huge effect on the quality of metabolite results. With metabolites 

being normalised effectively, it can help to obtain a highly accurate data and to only focus on 

biologically relevant differences from the analysed samples.193,294 Variety of normalisation 

methods have been applied to metabolomics data in the past, as discussed in chapter one, 

demonstrating their advantages and limitations. Stable 13C isotope labelling technique has 

particularly been used in research, utilising single or multiple internal standards (labelled 13C 

metabolites) to normalise the data.181,188,295 In order to show its accuracy and advantage in 

metabolomics, this technique needs to be validated. 

Different LC-MS 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 pharmaceuticals.296 FDA 

ŘŜŦƛƴŜŘ ǾŀƭƛŘŀǘƛƻƴ ŀǎ ά9ǎǘŀōƭƛǎƘƛƴƎ ŘƻŎǳƳŜƴǘŜŘ ŜǾƛŘŜƴŎŜ ǘƘŀǘ ǇǊƻǾƛŘŜǎ ŀ ƘƛƎƘ ŘŜƎǊŜŜ ƻŦ 

assurance that a specific process will consistently produce a product meeting its pre-

ŘŜǘŜǊƳƛƴŜŘ ǎǇŜŎƛŦƛŎŀǘƛƻƴǎ ŀƴŘ ǉǳŀƭƛǘȅ ŀǘǘǊƛōǳǘŜǎέΦ297 In other words, validation confirms that a 

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.298 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 information.299  

In order to confirm that the proposed 13C normalisation method is effective and normalised 

biological samples well, it requires a thorough validation 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 OPLS-DA models to observe the 

improvement in quality of data visually. Validation is particularly important for this type of 

normalisation, because it is difficult to use available labelled 13C peaks to normalise all the 

metabolome in the samples ς for some metabolites, there is no 13C peak to match it to. The so 
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calƭŜŘ άŎƻ-Ŝƭǳǘƛƻƴέ ǘŜŎƘƴƛǉǳŜΣ ƳŜƴǘƛƻƴŜŘ ƛƴ ŎƘŀǇǘŜǊ мΣ ǿƘŜǊŜ 13C peak of one metabolite being 

matched to another with similar retention time, may present an issue rather than solve a 

problem ς metabolite might not be normalised accurately, as its co-eluted metabolite does not 

fully reflect all the chemical and matrix properties of the metabolite of interest. Therefore, 

ƳŜǘŀōƻƭƛǘŜ Řŀǘŀ ǾŀǊƛŀǘƛƻƴ ƳƛƎƘǘ ƎŜǘ ŜǾŜƴ ǿƻǊǎŜ ŀŦǘŜǊ ǳǎƛƴƎ άŎƻ-Ŝƭǳǘƛƻƴέ ƴƻǊƳŀƭƛǎŀǘƛƻƴΦ !ƴ 

assurance is needed to check that this type of normalisation 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 studies.300 In the past 5 years, 

more than 900 papers have been published in metabolomics for biomarker discovery or testing 

normalisation technique, but there was a small number of them containing a high level 

validation assessment with certain criteria.178 In one study, for example, the proposed 

normalisation technique using 13C 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 dataset.301 

However, most of normalisation studies 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 (biofluids and tissues) samples. By demonstrating an effective normalisation 

in a variety of biological samples, reducing inter and intra-variation in the data, can fully 

validate the method. A good validation would also test the method on a large number of 

samples and 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 produced U-13C-labelled extract (described in chapter two) is going to be applied in three 

validation experiments in this chapter ς two projects with biofluid samples (human urine and 

mouse plasma) and one with human brain tissue ς to assess the proposed normalisation 

technique by demonstrating the reduction in analytical metabolite data variation, possible 

reduction in biological variation (even though it is not essential) and comparing the number of 

statistically significant metabolites between normalised and non-normalised data. The reason 

for choosing biofluid samples, particularly human urine, was to observe the normalisation 

effect on wide-ranging intra and inter-individual metabolite variance usually observed in these 

samples, and to determine to what degree it could be reduced (mainly analytical 

variance).163,302 The proposed method would also be compatible with hydrophilic metabolites, 

very large quantities of which are found in urine, as the labelled extract was created in 

hydrophilic conditions. The normalisation method may also be compatible with hydrophobic 

metabolites (lipids), normally detected in plasma.303 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 metabolites is not easy.304 A 

sufficient number of analytical replicates (n=3) will be used in each validation case study to 

mirror the natural metabolite variation normally present when conducting metabolomics 

research. Biological replicates have also been used (n=6 or 10), creating a clinical variation in 

addition to analytical one. Normalisation effect will be observed on both analytical and 

biological variation. In each case study, an equal number of unlabelled and 13C-labelled samples 

will be analysed, in order to 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 statistically 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 statistically significant metabolites.153 This could be an additional step 

in validation experiments to fully confirm the efficiency of normalisation. Univariate analysis 

methods including T-test, FDR and Bonferroni corrections and ANOVA performed on 

metabolite data, are used in order to assist in finding significantly changed metabolites 

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. The FDR correction further processes 

the data and checks whether the metabolites that had a p value less than 0.05 (statistically 

ǎƛƎƴƛŦƛŎŀƴǘύ ŀǊŜ ŎƻǊǊŜŎǘ ƻǊ ƴƻǘΦ {ǘŀǘƛǎǘƛŎŀƭƭȅ ǇǊƻŎŜǎǎŜŘ Řŀǘŀ Ŏŀƴ ǘƘŜƴ ōŜ ŘƛǎǇƭŀȅŜŘ Ǿƛŀ άǾƻƭŎŀƴƻ 

ǇƭƻǘǎέΣ ŎƻƳƳƻƴƭȅ ǳǎŜŘ ƛƴ ƻƳƛŎǎ ǎǘudies, which graphically show how many metabolites are 

statistically significant and have a large magnitude of changes (fold changes) between data 

groups.152,305 Multivariate analysis can further help to show the difference between data group 

sets and to obtain VIP scores for metabolites from the OPLS-DA model, which helps to measure 

ŀ ƳŜǘŀōƻƭƛǘŜΩǎ ƛƳǇƻǊǘŀƴŎŜ ƛƴ ǘƘŜ ƳƻŘŜƭΦ Lǘ ƛǎ ǳǎǳŀƭƭȅ Řone in parallel to univariate analysis, 

producing lists of statistically significant metabolites.306,307 The lists of statistically significant 

metabolites from univariate and 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 aims and objectives of this chapter outline the planned validation experiments to 

fully show the effectiveness of the proposed normalisation method using stable 13C isotopes as 

internal standards: 

1. Conduct validation experiments and 13C normalisation data processing (%RSD calculations and 

multivariate analysis) in: 

¶ Human urine study 

¶ Human brain tissue study 

¶ Mouse plasma study 

 

2. Find and compare statistically significant metabolites in each study between normalised and 

non-normalised datasets, using multivariate analysis (VIP scores), T-test, FDR correction and 

volcano plots. 

 

3. Perform other post-processing data normalisation tests on the metabolome data from the above 

studies and compare the results to 13C normalisation to confirm the proposed method: 

¶ TIC normalisation 

¶ MSTUS normalisation 

¶ Normalisation to creatinine (in urine study only) 



80 
 

 

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. 

 

 

 

 

  

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 experiments in this chapter were the same as 

described in chapter 2. They included LC-MS mobile phase solvents such as 20mM ammonium 

carbonate in purified water and HPLC-grade acetonitrile, zic-pHilic column, system blank 

όŀŎŜǘƻƴƛǘǊƛƭŜύΣ ά/ŀƭƳƛȄέ a{ ŎŀƭƛōǊŀǘƛƻƴ ƳƛȄǘǳǊŜ and 268 authentic standards. Their details and 

supplier sources are described in chapter two.  

The LC-a{ ƛƴǎǘǊǳƳŜƴǘ όhǊōƛǘǊŀǇ ά9ȄŀŎǘƛǾŜέ ŎƻǳǇƭŜŘ ǿƛǘƘ ά!ŎŎŜƭŀέ ŀǳǘƻǎŀƳǇƭŜǊύ ǳǎŜŘ ǿŀǎ ǘƘŜ 

same as described in chapter two. Extraction apparatus used in these validation experiments 

ǿŜǊŜ ŎŜƴǘǊƛŦǳƎŜ όάIŀǊǊƛŜǊ муκул wέΣ ¦Y нллуύΣ ƭƛǉǳƛŘ bƛǘǊƻƎŜƴ ŘŜǿŀǊ όнр[ ά!ƎŀǊ {ŎƛŜƴǘƛŦƛŎέΣ ¦Y 

нллуύΣ ǾŀǊƛŀōƭŜ ǎǇŜŜŘ ǾƻǊǘŜȄ ƳƛȄŜǊ όά/ƻƭŜ-tŀƭƳŜǊέΣ фл ς 240 VAC, UK 2010), portable hand-held 

ƘƻƳƻƎŜƴƛǎŜǊ όά.ƛōōȅ {ŎƛŜƴǘƛŦƛŎ {ǘǳŀǊǘέΣ {IaмΣ 2012). 

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, providŜŘ ōȅ ǘƘŜ /ƘƛƭŘǊŜƴΩǎ .Ǌŀƛƴ 

¢ǳƳƻǳǊ ŘŜǇŀǊǘƳŜƴǘΣ vǳŜŜƴΩǎ aŜŘƛŎŀƭ /ŜƴǘǊŜΣ ¦ƴƛǾŜǊǎƛǘȅ ƻŦ bƻǘǘƛƴƎƘŀƳΦ aƻǳǎŜ ǇƭŀǎƳŀ ǎŀƳǇƭŜǎ 

(healthy but having pre-ŘƛǎǇƻǎƛǘƛƻƴ ǘƻ !ƭȊƘŜƛƳŜǊΩǎ ŘƛǎŜŀǎŜύ ǿŜǊŜ ǇǊƻǾƛŘŜŘ ōȅ ǘƘŜ {ŎƘƻƻƭ ƻŦ [ƛŦŜ 

{ŎƛŜƴŎŜǎΣ vǳŜŜƴΩǎ aŜŘƛŎŀƭ /ŜƴǘǊŜΣ ¦ƴƛǾŜǊǎƛǘy of Nottingham. All samples did not contain any 

major diseases, with urine samples completely healthy. 

The produced U-13C-labelled extract (see chapter two) was applied to biofluid samples (human 

urine and mice plasma) and to human brain tissue, to assess the normalisation technique. In 

ŜŀŎƘ ŎŀǎŜ ǎǘǳŘȅΣ ŀƴ Ŝǉǳŀƭ ƴǳƳōŜǊ ƻŦ άǳƴƭŀōŜƭƭŜŘέ όŜȄǘǊŀŎǘŜŘ ǿƛǘƘ ƛŎŜ-cold methanol, no 

presence of 13/ ƛǎƻǘƻǇŜǎύ ŀƴŘ άƭŀōŜƭƭŜŘέ όŜȄǘǊŀŎǘŜŘ ǿƛǘƘ ¦-13C labelled extract in methanol) 

samples were prepared, in order to do an accurate comparative normalisation analysis. The 

extract with internal standard was added in a 1:1 ratio to the sample in each experiment ς in 

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

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

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

µL per 1mg). Analytical and biological replicates have been produced as well. QC samples were 

prepared by mixing an equal amount of each sample ς this was done in each validation 

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 caffeine-ǊƛŎƘ ōƭŀŎƪ ǘŜŀ όά9ŀǊƭ DǊŜȅέΣ ¢ǿƛƴƛƴƎǎύ ƻƴ ǘƘŜ 

human urine metabolome, collected from healthy individuals by the researcher, in order to 

validate the proposed normalisation method. Two sets of human urine samples: control (urine 

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

healthy male volunteers (n=10, BMI 20ς30, age 25ς35) into large 50mL Falcon tubes. A small 

amount of urine (500 µL) from each collected sample was extracted (either with ice cold 

methanol or U-13C labelled extract in methanol) in a 1:1 ratio in Eppendorf tubes, vortex-mixed 

for 1ςн ƳƛƴǳǘŜǎ ŀƴŘ ŎŜƴǘǊƛŦǳƎŜŘ ōȅ άIŀǊǊƛŜǊέ ŎŜƴǘǊƛŦǳƎŜ όрлллƎΣ мл ƳƛƴǳǘŜǎΣ п /ύ ǘƻ ƻōǘŀƛƴ ŀ 

supernatant containing polar metabolites. The supernatant from each tube was collected into 

fresh pre-cooled Eppendorf tubes and stored at -ул / ŎƻƴŘƛǘƛƻƴǎΦ ¢ƘŜǊŜ ǿŜǊŜ пл extracted 

samples produced in total ς 20 of which were controls (10 13C labelled and 10 unlabelled) and 

20 taken after tea (10 13C labelled, 10 unlabelled). Urine samples from subjects after ingestion 

of tea and controls were analysed in a single analytical run using the developed LC-MS method, 

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 

ōȅ ǘƘŜ {ŎƘƻƻƭΩǎ 9ǘƘƛŎǎ .ƻŀǊŘ /ƻƳƳƛǘǘŜŜ όŀǇǇǊƻǾŀƭ ƭƛŎŜƴǎŜ ƴǳƳōŜǊ лнм-2016). The project study 

ǿŀǎ ǘƛǘƭŜŘ άGlobal metabolite profiling of human urine samples treated with caffeine-rich tea 

and the application of normalisation methodology on the metabolome dataέΦ  

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

before taking part in the experiment, in order to determine whether they were suitable for the 

ǎǘǳŘȅ ƻǊ ƴƻǘΦ ¢ƘŜ ŎǊƛǘŜǊƛŀ ŦƻǊ ǎŜƭŜŎǘƛƴƎ ǾƻƭǳƴǘŜŜǊǎ ŘŜǇŜƴŘŜŘ ƻƴ ǘƘŜ ǾƻƭǳƴǘŜŜǊΩǎ ƘŜŀƭǘƘ ǎǘŀǘǳǎΣ 

having no renal or hormonal diseases, being a non-smoker and having no medications 

prescribed. The presence of these criteria might have had a significant effect ƻƴ ƛƴŘƛǾƛŘǳŀƭΩǎ 

urine metabolome, and thus might have affected the true measurement of urine metabolites 

when comparing the control and post-tea datasets.308 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 glomerular filtration.309 Therefore, it was necessary to have healthy volunteers 

participating in this study. On the day of the experiment, volunteers were asked to avoid any 

caffeine-ŎƻƴǘŀƛƴƛƴƎ ŘǊƛƴƪǎ ƛƴ ǘƘŜ ƳƻǊƴƛƴƎ ōŜŦƻǊŜ ǇŀǊǘƛŎƛǇŀǘƛƴƎΣ ǎƻ ǘƘŜƛǊ ǳǊƛƴŜ ǿƻǳƭŘƴΩǘ ōŜ 

ŀŦŦŜŎǘŜŘ ōȅ ŀŘŘƛǘƛƻƴŀƭ ŎŀŦŦŜƛƴŜΣ ƻǘƘŜǊ ǘƘŀƴ ŎƻƳƛƴƎ ŦǊƻƳ ǘƘŜ ά9ŀǊƭ DǊŜȅέ ǘŜŀΦ 5ǳǊƛƴƎ ǘƘŜ 
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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 were later pooled in one Falcon tube (see 

figure 3.2 for more details). The ŘƻŎǳƳŜƴǘǎ ŘŜǎŎǊƛōƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ƛƴŦƻǊƳŀǘƛƻƴ ǎƘŜŜǘΣ 

ǇŀǊǘƛŎƛǇŀƴǘΩǎ ŎƻƴǎŜƴǘ ŦƻǊƳΣ ƘŜŀƭǘƘ ǉǳŜǎǘƛƻƴƴŀƛǊŜ ŀƴŘ ŜǘƘƛŎŀƭ ŀǇǇǊƻǾŀƭ Ŧƻrm are found in the 

Appendix (A3). One of the volunteers (number 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 samples were accepted for analysis. The data has been kept 

confidential and secure. 

 

Human brain tissue study 

Human brain tissue (grey and white matter) were Ŏǳǘ Řƻǿƴ ƛƴǘƻ ǘƘŜ ǊŜǉǳƛǊŜŘ ǿŜƛƎƘǘǎ όҒол ƳƎύΣ 

using a scalpel on a dry ice surface, and were stored in Eppendorf tubes ς there were 24 samples 

produced in total ς 12 for each matter, 6 of which were 13C labelled and other 6 unlabelled (no 

presence of 13C, extracted 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 portable hand-ƘŜƭŘ ά.ƛōōȅ 

ScƛŜƴǘƛŦƛŎ {ǘǳŀǊǘέ ƘƻƳƻƎŜƴƛǎŜǊ ƛƴ ǘƘŜ ŀǇǇǊƻǇǊƛŀǘŜ ŜȄǘǊŀŎǘƛƻƴ ǎƻƭǾŜƴǘǎ όŜƛǘƘŜǊ ƛŎŜ ŎƻƭŘ ƳŜǘƘŀƴƻƭ 

or 13C labelled extract in methanol). The volumes of extraction solvent were calculated according 

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

(HPLC-grade) and 4°C purified water (HPLC-grade) were added to the tissues in a 2:1 ratio, 

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

experiment 
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followed by vortex-ƳƛȄƛƴƎ ŀƴŘ ŎŜƴǘǊƛŦǳƎŀǘƛƻƴ ōȅ άIŀǊǊƛŜǊέ ŎŜƴǘǊƛŦǳƎŜ όмолллƎΣ мл ƳƛƴǳǘŜǎΣ пϲ/ύΦ 

The upper layer (aqueous phase) was collected separately from the protein (middle) and lipid 

(lower) layers.176 The extracted samples were stored at -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 (500µL volume, female gender, aged 3 months and 18 months) 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 in total ς 12 of each 

age, 6 of which were 13C labelled and other 6 unlabelled (no presence of 13C, extracted in 

methanol). The extracted samples were stored at -80°C. Mouse plasma samples were collected 

under ethical approval from National Research Ethics Service Committee from East Midlands, 

UK. 

 

3.2.3 LC-MS analytical run of the samples 
 

LC-MS analysis of human urine, human brain tissue and mice plasma samples were performed 

with Exactive Orbitrap-Accela Autosampler LC-MS with the same validated 18 minutes method, 

as described in chapter two, using zic-pHilic column chromatography. This time, the analytical 

sequence run of samples was randomised in each experiment, with QCs, analytical replicates 

(n=3 for each sample) and reagent blank (methanol) samples run alongside the main samples, 

after a certain interval. Randomisation is usually performed 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 randomisation between and within sample pairs (e.g. control vs treatment) 

minimises the instrument drift bias and increases the accuracy of the data.210 Pooled 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 

PutativŜ ƳŜǘŀōƻƭƛǘŜ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ ƛƴ ōƛƻŦƭǳƛŘ ŀƴŘ ǘƛǎǎǳŜ ǎŀƳǇƭŜǎ ǿŀǎ ǇŜǊŦƻǊƳŜŘ ōȅ ά·/a{έΣ 

άƳȊaŀǘŎƘέ ŀƴŘ άL59haέ ǇǊƻƎǊŀƳƳŜ ǿƘƛŎƘ ǿŜǊŜ ǳǎŜŘ ŜŀǊƭƛŜǊ όǎŜŜ ŎƘŀǇǘŜǊ ǘǿƻ ŦƻǊ ƳƻǊŜ 

details).147 An unlabelled metabolite peak height intensity value was obtained from IDEOM, 

while 13C-labelled peaks for every metabolite were located in a pre-processed file called 

άƳȊaŀǘŎƘψƻǳǘǇǳǘέ ǿƛǘƘ ǘƘŜ ŀǇǇƭƛŎŀǘƛƻƴ ƻŦ tȅǘƘƻƴ ŎƻŘŜ όŘŜǎŎǊƛōŜŘ ƭŀǘŜǊύΦ ¢ƘŜ Ǌŀǘƛƻǎ ǿŜǊŜ 

calculated by division of the 13C-labelled peak by the unlabelled peak intensities of each 

metabolite (13C/12C) in each replicate (separately for analytical and then biological replicates) ς 

the whole procedure is discussed in chapter 1. For those metabolites which were not matched 

with their 13/ ǇŜŀƪǎΣ ŘƛŦŦŜǊŜƴǘ άŎƻ-ŜƭǳǘŜŘέ 13C-labelled internal standards were used instead (13C 

peaks of metabolites with very similar retention time to metabolite, window range -0.09 to +0.09 

ƳƛƴǳǘŜǎύΦ ¢ƘŜ ŎŀƭŎǳƭŀǘŜŘ ƴƻǊƳŀƭƛǎŜŘ Ǌŀǘƛƻǎ ǿŜǊŜ ǳǇƭƻŀŘŜŘ ƛƴǘƻ ά{ƛƳŎŀ мпέ ƳǳƭǘƛǾŀǊƛŀǘŜ ǎƻŦǘǿŀǊŜ 

to produce PCA and OPLS-DA score plots, to assess normalised data. Original IDEOM 12C 

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

ǘƻ ά{ƛƳŎŀ мпέΦ 5ƛǊŜŎǘ ŎƻƳǇŀǊƛǎƻƴ ƻŦ ƴƻǊƳŀƭƛǎŜŘ ŀƴŘ ƴƻƴ-normalised data through OPLS-DA and 

PCA score plots was observed. See figure 3.1 for overall normalisation 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 normalisation 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 metabolites 

between the two comparison groups in each study, and to compare these results with any 

statistically significant metabolites from unlabelled samples. Univariate analysis via T-test and 

FDR correction has been used to generate statistically significant metabolites, showing data 

through volcano plots. Multivariate analysis using OPLS-DA was 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 the final list of significantly changed metabolites 

presented. 

Other post-analysis 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 13C strategy and to determine the most effective normalisation technique. These strategies 

were not involved during sample preparation but were applied on already processed data ς post-
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processing techniques. Normalisation to creatinine has also been used but only on human urine 

data, used on already processed metabolome data (as a post-processing 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 denominator. 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 data).180 The calculations for TIC normalisation was done in a similar 

manner to MSTUS, where each peak intensity of 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 of ratios (final TIC normalised data). That transformation of original metabolome 

dataset into TIC format was done automatically by IDEOM function (TIC normalisation).147 And 

finally, Creatinine normalisation was performed by dividing peak intensity of each metabolite in 

a sample replicate by the peak intensity of creatinine metabolite in that sample replicate. The 

creatinine normalised ratios were calculated.200 In all three types of normalisation, the calculated 

ratios (normalised data) went through the same statistical analysis as 13C normalised data. 

Normalisation assessment was done for analytical and biological replicates separately. 

Identification of 13C peaks by Python programme (just for 13C normalisation only) 

To assist with finding the correct 13C peak height intensities for each metabolite, the computer 

generated Python code (List-mass-c13-check-ACT.py) was specifically written to assist locating 

peak intensities in a raw pre-ǇǊƻŎŜǎǎŜŘ Řŀǘŀ ŦƛƭŜ όάƳȊaŀǘŎƘ ƻǳǘǇǳǘέύΣ ŀŎǉǳƛǊŜŘ ƛƴ ǘƘŜ ŜŀǊƭȅ ǎǘŀƎŜǎ 

of data pre-processing. The code was generated by a colleague (Mr Ferran 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 

bioinformatics.310 ¢ƘŜ ŎƻŘŜ ǿƻǊƪǎ ōȅ ŎƘŜŎƪƛƴƎ ǘƘŜ άƳȊaŀǘŎƘ ƻǳǘǇǳǘέ ŦƛƭŜ ŦƻǊ 13C peaks which 

match the specified molecular weight and retention time (RT) parameters set by the user. Users 

must edit the script directly to specify the ranges of ppm (5 ppm to set an exact mass) and RT 

(small range e.g. -0.09 to +0.09 minutes). Where the exact 13C peaks for metabolites could not 

be detected, the 13C peaks from co-eluted metabolites having 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 any 13C peaks having the same retention time as the 

investigated metabolite. This Python program required the library, xlrd, to read Excel 

spreadsheets and the common Python libraries re and NumPy. 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 each data set to confirm the accuracy of the code. The description of the code 

can be found 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 

ŀƴŘ άŀŦǘŜǊ ǘŜŀέ ƎǊƻǳǇǎύΦ /ƘǊƻƳŀǘƻƎǊŀƳǎ ƻŦ ǳǊƛƴŀǊȅ ƳŜǘŀōƻƭƻƳŜǎ ŦǊƻƳ ŎƻƴǘǊƻƭ ŀƴŘ άŀŦǘŜǊ ǘŜŀέ 

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 than the control samples, due to a diuretic effect of 

caffeine in the tea.311 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 intensity values. Metabolites expressing a huge concentration 

difference were later shown through multivariate analysis (in OPLS-DA models, see figure 3.4). 

The QC samples demonstrated almost consistent chromatograms with very similar TICs (>E8), 

with an average %RSD less than 30% for most metabolites. This was within the acceptable limits 

according to the recommended threshold for metabolomics analysis.312,313  

Normalisation analysis 

Before normalisation, almost all of the non-normalised (unlabelled) metabolites were 

expressing high %RSD variatiƻƴ όҗол҈ύ ƛƴ ǇŜŀƪ ƛƴǘŜƴǎƛǘƛŜǎ ōŜǘǿŜŜƴ ǘƘŜir biological replicates, 

and even between analytical replicates too. It is known that urine samples vary significantly in 

total solute concentration, presenting a challenge of achieving a high quality dataset.61,314 

There is usually a wide intra- and inter-individual variation observed in metabolite 

concentrations between human or animal control replicates, shown in most urine 

metabolomics studies.163,313 After 13C normalisation has been applied to the dataset, most 

metabolites (more than 670 in both groups) showed a reduction in %RSD analytical variation 

(94% of metabolites in control group and 95% ƛƴ άǘŜŀέ ƎǊƻǳǇύ, being successfully normalised 

either by their 13C paired peaks or by co-eluted labelled metabolites from the extract. Similar 
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observation has been demonstrated when looking at biological variation, with high number of 

metabolites expressing reduced %RSD όтм҈ ƛƴ ǘƘŜ ŎƻƴǘǊƻƭ ƎǊƻǳǇΣ су҈ ƛƴ ǘƘŜ άǘŜŀέ ƎǊƻup). 

Appendix (Table A5) shows information on %RSD values for analytical replicates only.  

Figure 3.3 (A) shows several examples of those successfully normalised metabolites (with both 

analytical and biological %RSD reduction). They included common amino acids (such as l-

alanine, l-lysine and l-histidine), a wide range of organic acids and carbohydrates. Poorly 

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 corresponding 13C paired peaks or appropriate co-eluted 

metabolites which could have reduced the %RSD effectively. In figure 3.3 (B), box and whisker 

plots show the distribution of %RSD (biological replicates only) values for peak intensities of 

non-normalised metabolomes and metabolomes normalised by 13C, creatinine, MSTUS and TIC 

methods. Box and whisker plots demonstrated distribution of %RSD values (black dots), from 

lowest to highest values (ends of whiskers of the plots) observed for particular normalisation 

method, with upper and lower quartiles representing medians of upper and lowest halves of 

data. It can be seen that %RSD range for the 13C normalised metabolome was less variable 

(shorter) than non-normalised range, with lower %RSD values generally present. Even though 

the median (horizontal line in box and whisker plot) for the normalised range was above 30% 

όосΦу҈ ƛƴ ǘƘŜ ŎƻƴǘǊƻƭ ƎǊƻǳǇΣ роΦп҈ ƛƴ ǘƘŜ άŀŦǘŜǊ ǘŜŀέ ƎǊƻǳǇύΣ ƴƻǊƳŀƭƛǎŀǘƛƻƴ ƻŦ ǘƘŜ ǳǊƛƴŜ 

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 a good extent as the 13C or creatinine methods (as 

shown in figure 3.3 (BύΣ ǘƘŜ ŎƻƴǘǊƻƭ ŀƴŘ άŀŦǘŜǊ ǘŜŀέ ǘǊŜŀǘƳŜƴǘ ƎǊƻǳǇǎ ƳŜŘƛŀƴ ǾŀƭǳŜǎ ŦƻǊ a{¢¦{ 

and TIC ranges were similar and a bit lower than in non-normalised). Normalisation to 

creatinine managed to reduce %RSDs significantly (from 68.3% RSD to 46.7% in the control 

group, and from 85.9% RSD to 64.3% in the tea group), however, the 13C method managed to 

reduce the %RSD even further, proving it to be the better method. There were several outliers 

(20 and 31 metabolites in control and tea groups) which can be observed for 13C normalisation 

ς those outliers belonged to some of lipophilic ŀƴŘ άƻǘƘŜǊǎέ Ŏƭŀǎǎ metabolites whose %RSD got 

worse after normalisation (black dots above the error bars). The reason for this observation 

remains unclear, however there were no matched 13C peaks found for those metabolites, as 

well as some of them were lipophilic in nature, therefore would not be normalised effectively.  
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Therefore, it seems that 13C normalisation has successfully reduced analytical variation in 

majority of metabolites in comparison to other techniques and non-normalisation. It has also 

successfully reduced biological data variation in most of metabolites. Among the successfully 

normalised metabolites, 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 30% for majority of them. This demonstrated that normalised urine is 

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 variation.163,181  

The multivariate analysis in figure 3.4 showed a clear separation between the two data groups 

(control vs tea treatment) in normalised PCA and OPLS-DA plots (OPLS-DA Q2 score = 0.887). 

The clustering of replicate points on the normalised OPLS-DA model was also observed, 

indicating that normalisation worked effectively by reducing variation between biological 

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 non-normalised, on average, for majority of 

metabolites, showing high reproducibility of data and stability of analytical methodology 

throughout the analytical run of urine samples.312 
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Figure 3.4. Multivariate analysis of urine control and tea treatment data groups using PCA and OPLS-DA 
score plots for non-normalised (unlabelled) and normalised datasets (green replicate points represent 
control, blue replicate points represent treatment (tea). PC1 and PC2 % variance for non-normalised plot = 
75% and 65%, for normalised plot = 82% and 46%, respectively. OPLS-DA Q2 and R2 scores for non-
normalised plot = 0.62 and 0.72, for normalised = 0.887 and 0.93, respectively. 
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Statistically significant metabolites 

Univariate analysis through T-test, 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 non-normalised data there 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 significantly 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 (above the log p value line ς 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.  

 

From multivariate analysis using a normalised OPLS-DA 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 statistically significant metabolites are presented in table 3.1). Most of these 

metabolites were of hydrophilic compound class (amino acids, peptides, carbohydrates) and 

ŜȄǇǊŜǎǎŜŘ ƭŀǊƎŜ ŦƻƭŘ ŎƘŀƴƎŜǎΣ ƛƴŘƛŎŀǘƛƴƎ ǘƘŀǘ ά9ŀǊƭ ƎǊŜȅέ ǘŜŀ όǘǊŜŀǘƳŜƴǘύ ŜƭŜǾŀǘŜŘ ƳŜǘŀōƻlite 

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 

Figure 3.5. Volcano plots showing the amount of statistically significant metabolites with their fold 
changes in non-normalised samples (A) and normalised samples (B). 

A B 
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urine, increasing urine volume and its excretion. Therefore, the concentration of excreted 

urinary metabolites would be elevated.315 

The number of statistically significant metabolites (which passed both univariate and 

multivariate analysis) in non-normalised dataset was a lot lower (76 metabolites), demonstrating 

how 13C normalisation method can improve the data accuracy and detection of significantly 

changed metabolites. 

 

 

 

 

 

 

 

 

Metabolite Biochemical 

Class 

Molecular 

mass 

P value VIP score Fold change 

(Tea/Control) 

Betaine Amino acids 117.079 1.07E-05 1.279 2.563 

Citrate Carbohydrates 192.027 2.15E-04 1.275 1.225 

D-Gluconic acid Carbohydrates 196.058 3.97E-07 1.207 3.677 

DL-2-
Aminooctanoic acid 

Others 159.126 
 

<1.00E-15 

 
1.206 

 

1.664 

 

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)- 
arginine 

Others 216.122 8.26E-08 1.124 3.485 

Val-Val Peptides 216.147 8.63E-05 1.108 1.225 

Table 3.1. Top 10 statistically significant metabolites in normalised dataset between control 
and treatment groups. Positive fold-changes show the elevation of metabolites in treatment 
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 common between 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 between biological replicates as less than 30%, 

with the rest showing a huge variation (>30% RSD) ς this observation was expected to observe, 

as the extraction of intracellular metabolites from human brain tissue is often a complicated 

process involving several steps, leading to low metabolite reproducibility and issues in their 

detection in LC-MS. 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 high.137 Variation among analytical 

replicates was also observed but not to such a great extent. QC replicates have shown that for 

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

After normalisation, around 70% of analysed metabolites (506 in grey matter, 474 in white) have 

been successfully normalised by either their 13C paired peaks or by the presence of other co-

eluted 13C peaks from E. coli extract, with their %RSD (among biological replicates) reduced 

significantly ς for some metabolites by more than half. Of the successfully normalised 

metabolites, around 75% (380 metabolites for grey, 362 for white) had their %RSD below 30%. 

For analytical variation, %RSD was reduced in almost all of metabolites (95% in grey and 92% in 

white matter group). The detailed %RSD values for analytical replicates are shown in table A6 

(appendix). Examples of some successfully normalised metabolites, which showed reduction in 

both analytical and biological data variation, are presented in figure 3.6 (A). Most of these 

normalised metabolites were of polar origin, such as common amino acids (l-arginine, l-proline, 

l-citrulline), nucleotides (cytosine, guanine, ATP) and other important polar compounds. This 

showed that the proposed method was working 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 reduction in biological 

replicates data variation, either showing no change in %RSD or instead, an unexpected increase, 

indicating unsuccessful normalisation. These metabolites mostly included lipids and non-polar 

compounds, for which there was a limited number of internal standards from E. coli extract 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 

ƳŜǘŀōƻƭƛǘŜǎ ƛƴŎƭǳŘŜŘ ǎŜǾŜǊŀƭ ƴǳŎƭŜƻǘƛŘŜǎ όC!5Σ D5tΣ оΩ-AMP, ATP, d-TMP), few amino acids and 

carbohydrates. For these metabolites, there were also no 13C paired peaks or co-eluted internal 

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

metabolites were left non-normalised. This demonstrated that this method has its limitations. 

 In figure 3.6 (B), the following box and whisker plots show the whole range of % RSD values 

(biological replicates) of metabolites (grey and white matter) normalised by the proposed 13C 

technique, as well as by MSTUS and TIC methods. The ranges were compared to each other and 

to a non-normalised range. From both plots it can be seen that the %RSD for a detected 

metabolome has been effectively reduced by 13C normalisation, compared to non-normalised 

range, as was the expected observation. The median and upper/lower quartile values for the 13C 

normalised range were lower than for the non-normalised range (median reduced from 37.5% 

to 22.3%) with the overall range being less variable. Compared to MSTUS and TIC normalisations, 

their %RSD ranges were observed to be less variable than the non-normalised 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 metabolites more effectively than TIC (having less variable 

range). This demonstrated that the proposed 13C normalisation technique managed to reduce 

the %RSD for most metabolites (in both grey and white matter) more effectively than both 

MSTUS and TIC methods.  Several %RSD values in 13C normalised data (13 and 7 metabolites in 

grey and white matter respectively) were shown to be above 100%, higher than the non-

normalised maximum value, which showed that some metabolites were not normalised 

effectively and therefore displayed worse percentage values (outliers). Majority of those 

metabolites were of a lipid metabolism and classes including few carbohydrates and biosynthesis 

of secondary metabolism. See pages 88-90 for box and whisker plots explanation. 

A normalisation effect has also been observed by PCA and OPLS-DA. In figure 3.7, both non-

normalised (unlabelled) and 13C normalised OPLS-DA plots show clear separation between the 

two data groups (white and grey matter). This separation was the expected observation due to 

different metabolic profiling of the two brain matter types.316 In the non-normalised OPLS-DA 

ǇƭƻǘΣ ǘƘŜ ǎŜǇŀǊŀǘƛƻƴ ōŜǘǿŜŜƴ ǘƘŜ ǘǿƻ Řŀǘŀ ǎŜǘǎ ǿŀǎ ƴƻǘ ŀǎ ŎƭŜŀǊ ŀǎ ƛƴ ǘƘŜ άƴƻǊƳŀƭƛǎŜŘέ ŎŀǎŜΣ ǿƛǘƘ 

lower Q2 value observed (Q2= 0.85 for non-normalised). Analysis of 13C-normalised brain sample 

metabolites markedly improved the sample clustering on the OPLS-DA score plot, increasing the 

Q2 score to 0.969. In the non-normalised PCA model, the two data groups were separated 

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 metabolites in non-normalised 

samples.  
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Figure 3.6. Comparison of %RSD between unlabelled and normalised metabolomes. Comparison with best 
metabolite examples (A). Comparison of %RSD range across the whole metabolome (B). 
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Figure 3.7. Multivariate analysis of human brain white and grey matter data groups using PCA and OPLS-
DA score plots for non-normalised (unlabelled) and normalised datasets (green replicate points represent 
grey matter, blue replicate points represent white matter. PC1 and PC2 % variance for non-normalised plot 
= 48% and 46%, for normalised plot = 52% and 26%, respectively. OPLS-DA Q2 and R2 scores for non-
normalised plot = 0.85 and 0.93, for normalised plot = 0.969 and 0.99, respectively. 
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Statistically significant metabolites 

Univariate analysis through T-test 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 observed for non-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 nature of statistically 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 significant 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 metabolites in 

non-normalised and normalised samples, showing no real difference in the number of 

statistically significant metabolites (above the log p value line ς p value less than 0.05).  

 

 

From multivariate analysis, a large number of metabolites from the normalised OPLS-DA model 

were observed to have a VIP score of 1.0 or above ς 361 metabolites. When compared to 585 

normalised statistically significant metabolites from univariate analysis, the common list of 

statistically significant metabolites turned out to be 290. The majority of these significantly 

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

A B 
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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 and white 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 metabolites (which passed both univariate and 

multivariate analysis) in non-normalised dataset was 153 metabolites, which was a lot lower 

than for normalised dataset, showing once again that 13C normalisation could achieve higher 

accuracy results. 

Metabolite Biochemical 

Class 

Molecular 

mass 

P value VIP score Fold change 

(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-Gln-Gln-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-
Heptadecenedioic 

acid 

Lipids 298.214 4.264E-04 1.532 - 0.473 

Oxalosuccinate 
 

Carbohydrates 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 white and 
grey matter groups. Positive fold-changes show the elevation of metabolites in grey matter 
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 metabolites, in 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 3-month group and 92% in the 18-month group were successfully 

normalised by their 13C paired or co-eluted labelled metabolites, with an observed decrease in 

%RSD between biological replicates. The remaining metabolites (15% and 8% in 3 and 18 

months groups) had their biological %RSD increased or stayed the same, the majority of which 

were lipids, for which there was no 13C paired or appropriate co-eluted metabolites to reduce 

variation. Almost all metabolites (94% in 3-months and 97% in 18-months) had their %RSD 

between analytical replicates also dropped ς see appendix (Table A7). Examples of some 

successfully normalised metabolites (for both analytical and biological replicates) are shown in 

figure 3.9 (A). Although a large number of metabolites was successfully normalised, 

demonstrating that the proposed normalisation method was working once again, the 

ƳŜǘŀōƻƭƛǘŜΩǎ ҈w{5 decrease (among analytical and biological replicates) was relatively small. 

Before normalisation, around 500 metabolites in both groups already had %RSD of < 30%, 

indicating that most non-normalised 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 that the normalisation 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 normalisation, the effect was not very significant. Such a small 

metabolite variability detected in the non-normalised state could be due to the nature of the 

samples (mice plasma with similar genotype, weight and environment throughout their lives) 

and the extraction technique that did not involve many steps, reducing possible variation at 

the beginning.317  

In figure 3.9 (B), %RSD range (for biological replicates) is shown to be different between non-

normalised and 13C normalised metabolomes, with median values of 18% after normalisation 

and 25% before (for the 3-month group); 18% after normalisation and 23% before (for the 18-

month group). The outliers indicated those metabolites which were not successfully 

normalised and had their %RSD increased instead of decreased, however there were not a lot 
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of outliers detected compared to previous two studies. Among outliers were few lipids, 

carbohydrates and two peptides. Even though a significant difference between non-

normalised and 13C normalised data could not be seen, 13C normalisation has still shown better 

results than MSTUS or TIC methods. See pages 88-90 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 observed in non-normalised and normalised OPLS-DA 

models with high Q2 values (0.927 and 0.997, respectively). This was the expected observation, 

as the %RSD of non-normalised metabolites was already small, so the cluster of replicate points 

on both OPLS-DA models was similar. In all four plots (non-normalised and normalised PCA and 

OPLS-DA 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 accuracy of the results.  
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Figure 3.10. Multivariate analysis of mouse plasma 3 and 18 months age data groups using PCA and OPLS-
DA score plots for non-normalised (unlabelled) and normalised datasets (green replicate points represent 
3 months age, blue replicate points represent 18 months age. PC1 and PC2 % variance for non-normalised 
plot = 49% and 21%, for normalised plot = 55% and 32%, respectively. OPLS-DA Q2 and R2 scores for non-
normalised plot = 0.92 and 0.95; for normalised = 0.97 and 0.99, respectively. 
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Statistically significant metabolites  

Univariate analysis through T-test, 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. Non-normalised data has shown similar number of statistically 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 non-normalised and normalised samples.  

 

 

From multivariate analysis, a large number of metabolites from the normalised OPLS-DA model 

were observed to have a VIP score of 1.0 or above ς 487 metabolites. When compared to 514 

normalised statistically significant metabolites from univariate analysis, the 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 larger number of significantly changed 

metabolites could be seen, it was difficult to interpret the difference in fold changes. There 

ŘƻŜǎƴΩǘ ǎŜŜƳ ǘƻ ōŜ ŀ ŎƭŜŀǊ ŎƻƴŎƭǳǎƛƻƴ ŀǎ ǘƻ ǿƘȅ ƻǊ Ƙƻǿ ƳŜǘŀōƻƭƛǘŜǎ ǿŜǊŜ ŀŦŦŜŎǘŜŘ ōȅ ǘƘŜ 

different age groups of mice, or if age of mice 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 

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

A B 
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analysis) in non-normalised dataset was 276, lower than in 13C normalised dataset, showing that 

normalisation technique helped to detect more statistically significant metabolites. 

 

 

 

 

 

 

 

 

 

Metabolite Biochemical 
Class 

Molecular 
mass 

P value VIP 
score 

Fold change 
(18 months/3 

months) 
[PR] Vitamin E 

 
Lipids 459.477 

 

1.288E-04 
 

1.153 
 

1.029 
 

15-Keto-
prostaglandinE2 

 

Lipids 
 

370.275 
 

1.34E-06 
 

1.077 
 

1.514 

2-Methylcitrate Carbohydra
tes 

213.066 7.79E-07 
 

1.109 - 0.802 
 

Hydroxytetradecanedioi
cacid 

 

Lipids 

 
288.224 

 

<1.00E-06 1.015 1.678 

D-Glucono-1,5-lactone Carbohydra
tes 

 

184.067 
 

<1.00E-06 1.109 1.281 

Cer(d18:1/23:0) Lipids 676.757 
 

3.31E-05 1.126 - 0.616 

Glucosylceramide 
(d18:1/16:0) 

Lipids 739.698 <1.00E-06 1.148 0.936 

Glycerophosphoglycerol Others 252.073 3.68E-05 
 

1.113 - 0.698 

LPA(0:0/18:1(9Z)) 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 dataset between 3 and 18 
months age groups. Positive fold-changes show the elevation of metabolites in 18 months age 
group compared to 3 months age. 
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3.4 Conclusion 
 

The normalisation technique, using U-13C-labelled E. coli extract as a source of internal standards, 

has fully demonstrated the effectiveness of reducing analytical variation in peak height intensity 

data for a large range of metabolites in three different types of samples. Reduction in biological 

data variation has also been observed with excellent results, mainly in human urine and brain 

projects. In all three validation experiments, a large number of putative metabolites were 

successfully normalised ς their %RSD of peak height intensities between analytical and biological 

replicates were reduced significantly, in some cases by more than 50%, showing a reduction in 

whole data variation. The experiments also demonstrated improvement of within-individual 

sample clustering on normalised OPLS-DA models with high Q2 scores, mostly shown in human 

urine and brain tissue studies. When statistical analysis involving univariate and multivariate 

techniques were applied to the non-normalised and normalised data, a large number of 

statistically significant metabolites were detected, 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 proposed 13C technique was shown to reduce data variability much more 

effectively.  

With the help of 13C normalisation technique in reducing analytical and even biological data 

variation, it may serve a huge benefit when applied in untargeted metabolomics to a wide 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 even managed to help detect more 

number of significantly changed metabolites than in non-normalised data.  

In the past, 13C normalisation has been more applied in targeted studies for absolute 

quantification of metabolites and measuring metabolic fluxes, showing successful 

results.189,196,208 Very rarely that the studies employed 13C 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 software, X13CMS, to track 13C isotopic labelling 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 metabolic pathways.318 Another study 

demonstrated the use of 13C 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 effectively.206 

Therefore, there is a gap in metabolomics research for an effective accurate normalisation 

method using stable 13C labelled internal standards in untargeted mammalian metabolomics 

that can be applied in clinical studies for biomarker discovery and other related biological 

questions. The validated proposed 13C technique, using an isotopically labelled bacterial extract 

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 studies.  
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4.1 Introduction 
 

4.1.1 Dietary intervention: its purpose and complications 
 

Nutrition (or dietary) interventions can have a positive impact on long term treatment of serious 

human health conditions. The purpose of this class of interventions is to resolve or improve the 

nutrition diagnosis and associated problems by providing an advice, education or delivery of 

food component of specific diet tailored to the needs of the patient.319,320 Dietary intervention 

usually focuses on adjustment of personal diet of eating certain types of food, to improve 

ƛƴŘƛǾƛŘǳŀƭΩǎ ƻǾŜǊŀƭƭ ƘŜŀƭǘƘΣ ǇŀǊǘ ƻŦ ǎƻ ŎŀƭƭŜŘ άōŜƘŀǾƛƻǳǊŀƭ ƛƴǘŜǊǾŜƴǘƛƻƴέ.321 Additional nutrients 

provided separately from diet, such as supplements (vitamins and minerals medications) have 

also assisted healthcare professionals in treatment of specific diseases in patients. Generally, 

poor diet in a human organism may lead to complications later on such as malnutrition322, 

diabetes323, osteoporosis324, renal325 and cardiovascular problems326, as well as some sorts of 

cancer.327,328 These complications may arise due to lack or gain of certain food nutrient(s), for 

example rise in glucose in diabetes or decrease in vitamin D in osteoporosis. According to World 

Health Organisation (WHO), the nutritional targets by 2025, which were endorsed by 

organisation in early 2013, are to greatly reduce malnutrition, diabetes and other associated 

complications by providing excellent dietary intervention plans ς expected reduction in 

malnutrition in 40% world child population under 5 years of age, 50% reduction of anaemia in 

women of reproductive age and a stop in rise of diabetes and obesity, as well as many other 

aims.329 

Dietary intervention usually belongs to a non-pharmacological treatment, where therapeutic 

medications are not used and instead dietary supplements together with diet change is applied. 

There is some evidence that specific non-pharmacological therapies, such as cognitive training, 

may assist in dietary intervention programme for patient, by improving cognitive function, 

behaviour, mood and quality of life of an individual to help to make the right decisions about 

balanced healthy diet.330 Self-management of chronic illness by regulating a diet through 

intervention is seen as a full responsibility of a patient, and as such, presents with complications 

including non-compliance (not following an intervention plan thoroughly). With this in mind, 

patient may find it difficult to control the diet and follow the intervention plan correctly, hence 

affecting their treatment.331  
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4.1.2 Effect of dietary intervention on human metabolism in complicated 

diseases 
 

As discussed in chapter one, human metabolism is hugely affected during complicated and long 

term diseases such as cancers, rheumatoid arthritis, osteoporosis, diabetes and other 

inflammatory conditions. Metabolites which are affected by these conditions are usually 

involved in important metabolic pathways such as glycolysis, Krebs cycle, immune response 

pathways, which regulate the physiological processes in human organisms. By changing certain 

dietary requirements or nutrients as a part of a therapy against disease, can influence biological 

levels and activity of certain metabolites in important pathways, and therefore can have an 

impact on the disease condition.  

In diabetes type 2 condition, for example, nutritional intervention plays an important part, as it 

helps to regulate levels of glucose, high levels of which is believed to cause the condition. 

Healthy balanced diet and reduction in high saturated fats, sugars and high cholesterol may help 

to reduce glucose levels in blood. Diet intervention can play an important part in promoting 

weight loss among overweight individuals who are prone to develop diabetes or at pre-diabetes 

stage, therefore preventing the condition to develop.332 Intervention involves avoidance of 

processed food (starches and sugars) and instead consuming low carbohydrate diet (vegetables, 

fruits, whole grains). However, several studies have demonstrated that nutrition is one of the 

difficult aspects in management of diabetes type 2, due to non-compliance from patients taking 

a strict diet over a long period of time. Consumption of meals with high fat content, in particular 

those containing saturated fat, can 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 middle-aged 

overweight/obese individuals, a population that is susceptible to type 2 diabetes and age-

related decline in skeletal muscle mass.  

Metabolites which are mostly affected by high fat diet are likely to be biomolecules such as 

enzymes, hormones and cell receptors acting in the pancreas (beta cells) and liver, regulating 

utilisation of glucose and insulin secretions, therefore may be potential biomarkers for related 

disorders such as diabetes, obesity, renal impairment. These metabolites are normally detected 

in mammalian urine and plasma but they might also be detected in endothelial tissues in a 

variety of organs, including skeletal muscles where metabolome-based pathways are altered 
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significantly.333 wŜŎŜƴǘ ǘŜŎƘƴƻƭƻƎƛŎŀƭ ŀŘǾŀƴŎŜǎ ƛƴ άƻƳƛŎǎέ ǎǘǳŘƛŜǎ ƘŀǾŜ ōŜŜn collecting 

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 clinical samples 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 complications (impaired retina of an eye, heart blood vessels, 

kidneys, liver).334,335 Therefore, it can be assumed to expect similar metabolic changes in healthy 

overweight individuals who are consuming high-fat meals and can easily develop pre-diabetes 

condition.336  

The example of common statistically significant metabolites detected in individuals in diabetes, 

pre-diabetes or high-fat meal diet interventions are usually oxidised forms of molecules, known 

as άŀŘǾŀƴŎŜŘ ƎƭȅŎŀǘƛƻƴ ŜƴŘ-ǇǊƻŘǳŎǘǎέ ό!D9ǎύΣ which cause oxidative stress in a variety of cells 

and tissues, resulting in molecular damage. Animal-derived foods that are high in fat and protein 

are generally AGE-rich and are prone to further AGE formation during cooking. Examples of 

AGEs include cholesterol (oxidised form of low-density lipoprotein, LDL), L-erythrulose and 

oxalate (oxidised products of L-ascorbate), and cis-aconitate (oxidised form of citrate). AGEs can 

cause further complications including cardiomyopathy, nephropathy, retinopathy and 

neuropathy, so their levels are constantly high in biofluid and tissue samples individuals with 

high glucose levels.337 AGEs are known to interact with their cellular receptors such as RAGE, 

lactoferin and scavenger receptors. The activation of those receptors lead to oxidative stress 

and activation of mitogen-activated protein kinase (MAPK) signalling pathway.337 In coronary 

arteries, glucose crosslinks with collagen protein and forms a complicated AGE, activating MAPK 

pathway and causing vascular stiffening of arterial walls, leading to cardiovascular issues such 

as stroke or coronary heart disease. It has 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 oxidative stress and formation of AGEs, which may be present in other related 

conditions ς dyslipidemia, obesity, hypertension. Therefore, AGEs are worth investigating as 

potential biomarkers in those related clinical conditions.338 
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4.1.3 Justification of the dietary intervention study  
 

In this dietary intervention study, άSkeletal muscle protein metabolism and insulin sensitivity 

ƛƴ ƻǾŜǊǿŜƛƎƘǘ ƛƴŘƛǾƛŘǳŀƭǎέΣ organised by the School of Life Sciences, University of Nottingham, 

several overweight but otherwise healthy individuals were recruited to provide their urine and 

plasma samples after consumption of a high fatty meal, in order to observe the effects of this 

diet on metabolic activity in skeletal muscles. The main aim of this clinical study was to 

investigate whether meals with a high fatty acid composition can impair the action of insulin in 

promoting the use of glucose in skeletal muscle, by 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 protein 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 promoting conditions such as type 2 diabetes.339 So far, little is known 

about the effect of saturated fat on muscle performance and insulin action in middle-aged 

overweight individuals, who are more predisposed to diabetes type 2. Therefore, this study was 

designed to answer this question and help scientists and clinicians to better understand the 

effect of high fat diet on skeletal muscle physiological quality. 

This study involved a series of experiments, including collection of urine and plasma samples 

from those individuals, analysis using a variety of clinical tests (blood pressure monitoring, 

cholesterol levels test) and metabolic profiling experiments. For the purposes of this thesis, the 

proposed LC-MS method with an advanced (U)-13C normalisation technique has been applied 

on plasma and urine samples to assist in searching statistically significant metabolites affected 

by this dietary intervention (saturated fat consumption) compared to control (no intervention).  

The following objectives were set up for this study: 

1. To extract and perform LC-MS analysis on urine and plasma samples, using (U)-13C normalisation 

method that has been validated in previous chapter 

2. To identify putative metabolites in urine and plasma samples 

3. To identify urinary and plasma statistically significant metabolites which can differentiate 

between controls (no dietary intervention) and treatment (άinterventionέ) samples, and give a 

rough idea of potential biomarkers for conditions like diabetes type 2. 

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

biological question of the study with regards to effect on skeletal muscle performance.
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4.2 Materials and methods 
 

4.2.1  Study design and sample collection 
 

Urine and plasma sample collection 

As stated earlier, urine and plasma samples were collected over the course of two days from 

middle-aged, overweight, healthy male volunteers (40ς60 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 

requirements ς non-smokers and no history of diabetes or cardiovascular disorders. Following 

screening, six volunteers were selected. On the day of an experiment, each volunteer was asked 

to consume an oral standardised drink containing 30 g of milk protein and 75 g of sugar in 250 

ml of water. The sugar in the drink was included to stimulate the secretion of the hormone 

insulin. Two hours later, each volunteer was asked to provide a urine sample (first time point 

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

further four hours at the end of the trial (third time point). Blood (plasma) sample collection 

was done simultaneously, once every hour, including at the same time points as the urine 

collections. For the plasma collection, each volunteer was asked to lie on a bed throughout the 

experiment (about 10 hours), only getting up to produce urine samples. At the start of 

experiment, two small plastic needles were inserted into ǾƻƭǳƴǘŜŜǊΩǎ ǾŜƛƴ ŀǘ ǘƘŜ ōŀŎƪ ƻŦ ŀ hand 

and the forearm of the contralateral arm, to collect blood samples at regular intervals ς once 

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

ŎƻƭƭŜŎǘƛƻƴ ƻŦ ōƭƻƻŘ ǎŀƳǇƭŜǎ ŦƻǊ ŦƻǳǊ ƘƻǳǊǎ ǿŜǊŜ ǇƻƻƭŜŘ ǘƻƎŜǘƘŜǊ ǘƻ ƳŀƪŜ ǘƘŜ άǎŜŎƻƴŘ ǘƛƳŜ 

Ǉƻƛƴǘέ ŎƻƭƭŜŎǘƛƻƴ ŀƴŘ ŀǘ ǘƘŜ ŜƴŘΣ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘέ όǘƘŜ Ŧƛnal four hours of pooled blood 

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 manner 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 

ƻƴ ǿƘƛŎƘ Řŀȅ ƘŜ ǿŀǎ ƎƛǾŜƴ ŀ άŎƻƴǘǊƻƭέ ƻǊ άƳƛƭƪ ǇǊƻǘŜƛƴέ ŘǊƛƴƪΦ 9ŀŎƘ ǾƻƭǳƴǘŜŜǊ ƘŀŘ ǘƻ ǇǊƻŘǳŎŜ 

three άcontrolέ aƴŘ ǘƘǊŜŜ άŘƛŜǘŀǊȅ ƛƴǘŜǊǾŜƴǘƛƻƴέ ǎŀƳǇƭŜǎ ƻŦ ǳǊƛƴŜ ŀƴŘ ǇƭŀǎƳŀ ς so in total, 12 

samples from each volunteer. See figure 4.1 for more details of sample collection. During the 

study, one volunteer could not produce urine and plasma samples at the first time point when 

he was given a milk protein drink (intervention samples), 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 reviewed and approved by the University of Nottingham, 

Medical School Ethics Committee.  

 

Sample extraction 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 study, so 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 conditions. The final samples were prepared by mixing a small amount of each 

aliquoted biofluid sample (0.5mL) with 0.5mL of (U)-13C labelled E. coli extract (in 1:1 ratio) by 

pipetting them into fresh Eppendorf tubes, followed by vortex mixing for one minute and 

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 200µL volume was transferred into 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 extract ς biological replicates in this study were the 

volunteers (n=6). The design of sample preparation is shown in figure 4.2. The fully prepared 

final samples (35 of urine, 35 of plasma) were stored in -80°C conditions before LC-MS analysis. 

The preparation of urine and plasma samples was done in a randomised order.  

Figure 4.1. Simplified schematic diagram of urine and plasma samples collection at specified regular 

intervals from each volunteer, either taking control or intervention sample.  
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Figure 4.2. SchematƛŎ ŘƛŀƎǊŀƳ ƻŦ ǘƘǊŜŜ ŎƻƴǘǊƻƭ ŀƴŘ ǘƘǊŜŜ άƛƴǘŜǊǾŜƴǘƛƻƴέ όǘǊŜŀǘƳŜƴǘύ urine OR 

plasma samples prepared for one volunteer (biological replicate). The same procedure has been 

done for the other five volunteers.   
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4.2.2  Materials, chemicals and LC-MS analysis 
 

Analytical LC-MS mobile phases (HPLC-grade acetonitrile, 20mM ammonium carbonate in 

purified water), zic-pHilic column, system blank (acetonitrile), and 268 authentic standards have 

all been used during the analytical run of samples. The LC-MS instrument was chosen to be 

hǊōƛǘǊŀǇ a{ όά9ȄŀŎǘƛǾŜέύ ŎƻǳǇƭŜŘ ǿƛǘƘ ά!ŎŎŜƭŀέ ŀǳǘƻǎŀƳǇƭŜǊ [/Σ ŜȄŀŎǘƭȅ ǘƘŜ ǎŀƳŜ ŀǎ Ƙŀǎ ōŜŜƴ 

used in previous experiments. The description and sources of these materials, chemicals and 

instrument have been previously described in chapter 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 by mixing 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 then 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 

ǎƻŦǘǿŀǊŜ Ƙŀǎ ōŜŜƴ ŀǇǇƭƛŜŘ ǘƻ ŀ Řŀǘŀ ǎŜǘΥ ά·/ŀƭƛōǳǊέΣ άƳȊaŀǘŎƘέΣ άL59haέ ǇǊƻŎŜǎǎƛƴƎ ǎƻŦǘǿŀǊŜ 

for metabolite putative identification, a normalisation analysis using Excel and Python tools, 

ƳǳƭǘƛǾŀǊƛŀǘŜ ŀƴŀƭȅǎƛǎ ǳǎƛƴƎ ά{ƛƳŎŀ tέ όt/! ŀƴŘ ht[{-DA plots, VIP score calculation) and 

univariate analysis (T-test, FDR correction, volcano plots) for key metabolite identification. 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 the similarities 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 and condition (control or intervention). For example, in the 

urine experiment, in order to do a correct data processing in IDEOM, 35 raw data files (samples) 

were grouped into three control groups (1st, 2nd and 3rd time points) and three intervention 



117 
 

groups (1st, 2nd and 3rd time points) with six biological replicates (volunteers) in each group ς 

ŜȄŎŜǇǘ ƛƴ ƻƴŜ ƎǊƻǳǇΣ ǘƘŜ άмst time point interventionέ ƘŀŘ ŦƛǾŜ ōƛƻƭƻƎƛŎŀƭ ǊŜǇƭƛŎŀǘŜǎΣ ŀǎ ƻƴŜ 

patient could not produce a sample. Once the list of putatively identified metabolites was 

generated, showing a number of detected metabolites in each condition group, further analysis 

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

was performed in chapter three in the validation experiments, involved generating ratios of 

13C/12C peak height intensities for each metabolite in each biological 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 

the qualiǘȅ ƻŦ ǘƘŜ ŘŀǘŀΣ ōǳǘ ƛǘ ǿŀǎ ƴƻǘ ŎƻƳǇŀǊŜŘ ǘƻ άƴƻƴ-ƴƻǊƳŀƭƛǎŜŘέ ƻǊ ƻǘƘŜǊ ƴƻǊƳŀƭƛǎŀǘƛƻƴ 

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 
 

LC-MS analytical performance 

Analytical runs of both urine and plasma samples have generated clear spectra with distinctive 

ƳŜǘŀōƻƭƛǘŜ ǇŜŀƪǎΣ ƘƛƎƘ ¢L/ ǾŀƭǳŜǎ όҗ 98) and no background noise or carryover effects. 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 similar to the control and treatment spectra, with some 

peaks identical, showing that the QC samples contained the same common metabolite peaks as 

the actual samples. Examples of some spectra graphs are shown on the following pages in 

figures 4.4 and 4.5, for 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 treatment groups). The majority of detected metabolites in all 

analysed urine samples were amino acids, peptides, carbohydrates and other biochemical polar 

classes, with a certain proportion of lipids (hydrophobic) class. The composition of biochemical 

classes is shown in figure 4.3, above. 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 (U-13C labelled E. coli in methanol).  

14%

43%
9%

10%

3%
5%

16%

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

Amino acids

Others

Carbohydrates

Peptides

Nucleotides

Biosynthesis of secondary
metabolism
Lipids

Figure 4.3 Composition of putative metabolites in human urine samples (control and 

treatment groups) according to biochemical class. 
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For multivariate analysis, the decision had to be made on how to compare the control and 

treatment (intervention) groups effectively, in each of plasma and urine experiments. It was 

ŘŜŎƛŘŜŘ ǘƻ ŎƻƳǇŀǊŜ ŜŀŎƘ ǘƛƳŜ Ǉƻƛƴǘ ƛƴ ǘǳǊƴΣ ŦƻǊ ŜȄŀƳǇƭŜ ά/ƻƴǘǊƻƭέ мst time point data set with 

άLƴǘŜǊǾŜƴǘƛƻƴέ мst time point data 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), PCA and OPLS-DA plots were constructed in the same 

manner as in the validation experiments. VIP score analysis was done in every OPLS-DA plot, 

choosing metabolites with a score of 1.0 or above only. 

Univariate analysis was performed on the same grouped data as used in multivariate analysis 

ŦƻǊ ŜŀŎƘ ŜȄǇŜǊƛƳŜƴǘ ǳǎƛƴƎ άtǊȅǎƳέ ǎƻŦǘǿŀǊŜΣ ŎǊŜŀǘƛƴƎ ŀ ƭƛǎǘ ƻŦ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ƳŜǘŀōƻƭƛǘŜǎ 

between control and treatment groups for each time point (three lists for plasma and three lists 

for urine experiments). The parameters for FDR and T-test were chosen to be the same as in the 

validation experiments in chapter three (p value of less than 0.05, FDR rate 5%). The 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 literature to see 

if any of them are normally affected by high fat dietary intervention, as well as comparing them 

between urine and plasma data to see the similarity. The fold changes obtained from univariate 

analysis and IDEOM were used to decide whether those metabolites were elevated or decreased 

ŘǳǊƛƴƎ ǘƘŜ άƛƴǘŜǊǾŜƴǘƛƻƴέ condition compared to the control. 
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Figure 4.4 Examples of LC-MS spectra of human urine samples. Control sample third time point (A) 

Treatment (intervention) sample third time point (B) QC sample (C). 
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Figure 4.5 Examples of LC-MS spectra of human plasma samples. Control sample third time point 

(A) Treatment (intervention) sample third time point (B) QC sample (C). 
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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 lipids (see figure 4.6). Once again, it was expected that 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 commonly found in human and animal plasma 

samples.340 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.  
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Human plasma metabolome composition in control and 
treatment group samples (overall results, on average)

Amino acids
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Others
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Figure 4.6 Composition of putative metabolites in human plasma samples (control and 

treatment groups) according to biochemical class 
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4.3.2  LC-MS analytical performance and normalisation in urine and 

plasma samples  
 

Analytical performance 

In the previous section, 4.3.1, the spectra 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 were also detected in both types of biofluids, across different samples and 

replicates. This demonstrated a good analytical performance of an LC-MS instrument 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 software ς the first six 

QC samples in the analytical run were not included 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 metabolites 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 ς 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 samples have demonstrated a similar result, with the majority of metabolites (520 

out of 580) showing an RSD of less than 30% ς before normalisation. This once again 

demonstrated the high accuracy of QC sample preparation and small analytical variance 

observed in the 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 calculated in each 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 non-normalised) 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 

ǿŜǊŜΥ άŎƻƴǘǊƻƭ мst ǘƛƳŜ Ǉƻƛƴǘέ ς смтΣ флΦо҈Τ άŎƻƴǘǊƻƭ нnd ǘƛƳŜ Ǉƻƛƴǘέ ς слтΣ уфΦо҈Τ άŎƻƴǘǊƻƭ оrd 

ǘƛƳŜ Ǉƻƛƴǘέ ς рфоΣ утΦо҈Τ άǘǊŜŀǘƳŜƴǘ мst ǘƛƳŜ Ǉƻƛƴǘέ ς слпΣ ууΦф҈Τ άǘǊŜŀǘƳŜƴǘ нnd ǘƛƳŜ Ǉƻƛƴǘέ ς 

сннΣ фмΦс҈Τ άǘǊŜŀǘƳŜƴǘ оrd ǘƛƳŜ Ǉƻƛƴǘέ ς 615, 90.5%. One can see that in all groups there was a 

large number of metabolites successfully normalised by 13C labelled internal standards (13C 

paired or co-eluted 13C 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 metabolites in each group could not have been normalised successfully 

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

suitable internal standards. ςThese were found to be mainly lipid metabolites. 

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

detected metabolites in each group (526), the number of successfully normalised metabolites 

ǿŜǊŜΥ άŎƻƴǘǊƻƭ мst ǘƛƳŜ Ǉƻƛƴǘέ ς оууΣ тоΦт҈Τ άŎƻƴǘǊƻƭ нnd ǘƛƳŜ Ǉƻƛƴǘέ ς пмсΣ тфΦл҈Τ άŎƻƴǘǊƻƭ оrd 

ǘƛƳŜ Ǉƻƛƴǘέ ς 4нтΣ умΦн҈Τ άǘǊŜŀǘƳŜƴǘ мst ǘƛƳŜ Ǉƻƛƴǘέ ς пнпΣ улΦс҈Τ άǘǊŜŀǘƳŜƴǘ нnd ǘƛƳŜ Ǉƻƛƴǘέ ς 

плоΣ тсΦс҈Τ άǘǊŜŀǘƳŜƴǘ оrd ǘƛƳŜ Ǉƻƛƴǘέ ς 415, 78.8%). Once 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 metabolome in all of the groups (control and treatment) was not 

normalised as effectively as the urine metabolome ς on average, around 70%ς80% of plasma 

metabolites had their percentage RSD decreased, compared to an average of 80%ς90% of urine 

metabolites. The main 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 in (U)-13C 

labelled E. coli (the same source of internal standards has been used in both experiments). 

Multivariate analysis 

The normalised metabolomes of plasma and urine samples (13C/12C ratios) were arranged in 

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

OPLS-DA plots, for further statistical analysis. For PCA and OPLS-DA score plots, it was decided 

ǘƘŀǘ άǘǊŜŀǘƳŜƴǘέ ƎǊƻǳǇ όŀŦŦŜŎǘŜŘ ōȅ ƘƛƎƘ Ŧŀǘǘȅ ŀŎƛŘ ƳŜŀƭύ ǿƻǳƭŘ ōŜ ŎŀƭƭŜŘ άƛƴǘŜǊǾŜƴǘƛƻƴέΦ 
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For the urine normalised metabolome, the PCA and OPLS-DA score plots are shown in figures 

4.7, 4.8 and 4.9. Figure 4.7 shows the PCA score plot of all the 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 between replicates. The control and intervention groups are 

ǎŜǇŀǊŀǘŜŘ ŦǊƻƳ ŜŀŎƘ ƻǘƘŜǊΣ ǿƛǘƘ ŜŀŎƘ ƎǊƻǳǇΩǎ ōƛƻƭƻƎƛŎŀƭ ǊŜǇƭƛŎŀǘŜǎ shown to be clustered well, 

demonstrating good normalisation and highly accurate data with reduced data variation. 

 

 

Figure 4.8 shows three PCA ǎŎƻǊŜ Ǉƭƻǘǎ ƻŦ άŎƻƴǘǊƻƭ Ǿǎ ƛƴǘŜǊǾŜƴǘƛƻƴέ Ǝroups at three different 

time points ς the time points at which urine samples were collected. There is a clear separation 

between the data groups in all three plots, as expected, due to the difference in metabolite 

concentration between control and intervention state. The clustering effect is observed but not 

to such an extent as in the OPLS-DA models. In figure 4.9, three OPLS-DA models show exactly 

the same effect of clear separation between control and intervention groups in all three time 

points groups. There is a good cluster of replicate points in all three OPLS-DA plots, especially in 

ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘέ ǇƭƻǘΣ ǿƛǘƘ ƘƛƎƘ vн ǎŎƻǊŜǎ ƛƴ ŜŀŎƘ Ǉƭƻǘ ς 0.948 for the first time point plot, 

0.963 for the second and 0.972 for the third. This demonstrated good normalisation of 

metabolites, reduced data variation and improved data accuracy, as well as a clear difference in 

metabolite activity between control and intervention groups. Urine data was promising for the 

identification of statistically significant metabolites. 

Figure 4.7 PCA score plot of all the urine groups and QC samples 
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Figure 4.8 PCA score plots of control vs intervention groups at first (A), second (B) and 

third (C) time points.  

A 

B 

C 
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Figure 4.9 OPLS-DA score plots of control vs intervention groups at first (A), second (B) and 

third (C) time points. Q2 scores were 0.948, 0.963, 0.972 for A, B and C score plots, 

respectively. 

A 

B 

C 
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For the plasma normalised metabolome, the PCA and OPLS-DA score plots are shown in figures 

4.10, 4.11 and 4.12. Figure 4.10 shows the PCA score plot of all the plasma control and 

intervention groups as well as QC samples. This time, there is a very poor separation between 

groups with some replicate points from different groups 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 showing the good reproducibility of sample preparation and analytical 

performance during the experiment.  

 

 

Three PCA score plots (figure 4.11) and three OPLS-DA plots (figure 4.12) are shown for different 

time points, in the same manner as for the urine data. PCA plots demonstrate separation 

between the control and intervention data points but not very clearly (in the first and third time 

point plots, some of the replicate points are seen to be located on the opposite side close to the 

other group replicates). However, all three OPLS-DA 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 OPLS-DA plots. The Q2 scores for plasma OPLS-DA plots 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 OPLS-DA 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 data. Nevertheless, the data for the plasma metabolome 

was found to be accurate and reliable enough for identification of significant metabolites. 

 

Figure 4.10. PCA score plot of all the plasma groups and QC samples 
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Figure 4.11 PCA score plots of control vs intervention groups at first (A), second (B) and third 

(C) time points. 

A 

B 

C 



130 
 

 

Figure 4.12 OPLS-DA score plots of control vs intervention groups at first (A), second (B) and 

third (C) time points. Q2 scores were 0.352, 0.807, 0.746 for A, B and C score plots, 

respectively. 

B 

A 

B 

C 
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4.3.3 Tentative identification of statistically significant metabolites in 

urine and plasma samples  
 

Urine key metabolites 

During multivariate analysis using OPLS-DA score plots (see figure 4.9), a list of metabolites with 

ŀ ±Lt ǎŎƻǊŜ ƻŦ мΦл ƻǊ ŀōƻǾŜ ŦƻǊ ŜǾŜǊȅ ǘƛƳŜ Ǉƻƛƴǘ ŎƻƴŘƛǘƛƻƴ Ƙŀǎ ōŜŜƴ ƎŜƴŜǊŀǘŜŘΦ ¢ƘŜ άŦƛǊǎǘ ǘƛƳŜ 

Ǉƻƛƴǘέ ht[{-DA score plot has shown 319 metabolites with high VIP scores of 1.0 or above, in 

ǘƘŜ άǎŜŎƻƴŘ ǘƛƳŜ Ǉƻƛƴǘέ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нту ŀƴŘ ƛƴ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘέ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нпл 

metabolites.  

Univariate analysis involving T-test and FDR correction has expressed a large number of 

statistically significant metabolites with different fold changes between control and 

intervention ƎǊƻǳǇǎΣ ŦƻǊ ŜŀŎƘ ǘƛƳŜ Ǉƻƛƴǘ ŎƻƴŘƛǘƛƻƴΦ CƻǊ ǘƘŜ άŦƛǊǎǘ ǘƛƳŜ Ǉƻƛƴǘέ Řŀǘŀ ǎŜǘΣ ǘƘŜǊŜ 

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 through volcano plots in figure 4.13, showing a 

distribution of positive and negative fold changes of metabolites ς either being elevated or 

decreased in concentration during treatment.  

Based on the above results from both multivariate and univariate analysis, a list of statistically 

significant metabolites which passed T-test (p value < 0.05), FDR test (5% significance level) and 

ƘŀŘ ŀ ±Lt ǎŎƻǊŜ ƻŦ мΦл ƻǊ ŀōƻǾŜΣ ǿŀǎ ƎŜƴŜǊŀǘŜŘ ŦƻǊ ŜŀŎƘ άǘƛƳŜ ǇƻƛƴǘέΦ hǾŜǊŀƭƭΣ ǘƘŜǊŜ ǿŜǊŜ мл 

significant metabolites founŘ ŦƻǊ ǘƘŜ άŦƛǊǎǘ ǘƛƳŜ ǇƻƛƴǘέΣ 22 ŦƻǊ ǘƘŜ άǎŜŎƻƴŘ ǘƛƳŜ Ǉƻƛƴǘέ ŀƴŘ ол 

ŦƻǊ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ ǇƻƛƴǘέΦ !ǘ ǘƘƛǎ ǎǘŀƎŜ ƛǘ ǿŀǎ ŘŜŎƛŘŜŘ ǘƻ ŎƘƻƻǎŜ ǘƘŜ ǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘ ŀǎ ǘƘŜ Ƴƻǎǘ 

important condition for discovery of statistically significant metabolites, as it was the final 

collection point of urine throughout the whole experiment ς the urine metabolome would 

Ŏƻƴǘŀƛƴ ŀ ǿƛŘŜ ǊŀƴƎŜ ƻŦ άŜƴŘ ƻŦ ǘƘŜ Řŀȅέ ƛƳǇƻǊǘŀƴǘ ǇƘȅǎiological metabolites. Tables 4.1 to 4.3 

show a list of those significant metabolites at each time point. These metabolites were shown 

with their P values, VIP scores and fold changes, indicating whether they were elevated or 

decreased in concentration after the treatment was applied. ID confidence levels (IDEOM 

annotated score levels 1-10, as discussed in chapter 2, section 2.2.3), were assigned to 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 one). Each metabolite was analysed further for key 

metabolite activity (refer to the Discussion section later). 

 

Metabolite Biochemical 
class 

Retention 
time (mins) 

Mass VIP 
score 

P value Fold 
change 

ID 
Confidence 

R-Malate Carbohydrat
es 

8.85 138.0426 1.4875 1.97 E-
05 

1.638 8 

2-oxoglutarate Amino acids 7.29 150.0534 1.5734 6.37 E-
07 

6.419 6 

5-methylcytidine Others 7.63 267.1353 1.7781 1.52 E-
04 

4.345 8 

Allantoin Others 7.89 180.0777 1.2394 4.86 E-
04 

3.626 8 

Androsterone 
glucoride 

Lipids 4.41 491.3469 1.5949 1.17 E-
05 

2.778 7 

cis-aconitate Carbohydrat
es 

9.46 180.0405 1.6339 3.25 E-
09 

3.461 6 

Farnesoic acid Others 4.45 251.2276 1.5472 3.61 E-
04 

2.279 5 

Glu-Val Peptides 7.44 256.1672 1.8305 7.64 E-
11 

0.752 7 

Metaxyl Others 4.29 294.1973 1.3944 1.25 E-
03 

3.882 6 

Tributyrin Others 4.53 317.2234 1.3082 3.27 E-
06 

3.837 7 

Figure 4.13 Volcano plots showing distribution of statistically significant metabolites detected between 

control and intervention groups in first (A), second (B) and third (C) time points. Data is analysed by 

univariate analysis only 

A B C 

Table 4.1 A list of statistically significant metabolites at first time point of urine collection between control and 

treatment groups. ID confidence: metabolite identification level according to the putative identification confidence 

levels by IDEOM (1-10). 

A B C 
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Metabolite Biochemical 
class 

Retention 
time (mins) 

Mass VIP 
score 

P value Fold 
change 

ID 
Confidence 

4-Pyridoxolactone Metabolism 
of cofactors 

4.89 173.0694 1.5014 1.99 E-
05 

5.697 8 

8-keto-7-amino 
perlagonate 

Others 4.52 194.1358 1.4406 5.14 E-
05 

3.051 6 

Allantoin Others 7.89 180.0777 1.4549 5.83 E-
05 

3.329 8 

Asn-Pro-Tyr Peptides 5.17 214.1447 1.5925 7.27 E-
06 

4.593 8 

Bendiocarb Others 5.05 234.1218 1.5427 3.51 E-
05 

4.048 5 

Dodecanoic acid Lipids 4.67 242.1912 1.6287 1.52 E-
06 

1.095 6 

Heptanal Lipids 4.48 121.1689 1.1172 1.98 E-
05 

2.658 5 

Indolacryloyglycin
e 

Others 5.53 257.1284 1.2254 2.67 E-
04 

2.237 7 

Kynurenate Amino acids 5.45 199.0763 1.5238 1.34 E-
04 

0.611 7 

L-Erythrulose Carbohydrat
es 

7.14 124.0637 1.6783 1.92 E-
04 

5.416 7 

Leu-Gly-Tyr Peptides 5.44 368.2366 1.6509 1.23 E-
07 

1.138 6 

N-ethyl-2-
pyradinamine 

Others 5.01 260.1394 1.3686 1.92 E-
05 

4.167 5 

N-acetyl 
anthranilate 

Others 5.37 188.0883 1.2989 2.77 E-
06 

5.372 6 

N-benzoyl-L-
glutamate 

Others 5.61 263.1196 1.5067 3.71 E-
04 

2.604 7 

Nicotinurate Metabolism 
of cofactors 

5.42 188.0897 1.4756 3.67 E-
06 

5.262 6 

Phe-Pro Peptides 5.23 276.1784 1.4854 3.14 E-
05 

5.371 8 

Perillic acid Biosynthesis 
of secondary 
metabolism 

5.54 176.1337 1.1942 1.16 E-
03 

3.082 6 

Triangularine Others 4.36 353.2322 1.3959 1.66 E-
04 

4.263 8 

Ubiquinol Others 4.54 266.1827 1.6413 3.32 E-
07 

1.184 7 

Urocortisone Lipids 5.03 385.2944 1.5379 5.74 E-
05 

3.645 5 

Valclavam Others 5.46 343.2051 1.4935 2.59 E-
07 

5.508 8 

1,3,5-trime 
thoxybenzene 

Metabolism 
of cofactors 

7.42 176.3284 1.6314 7.63 E-
06 

1.083 7 

Table 4.2 A list of statistically significant metabolites at second time point of urine collection between control and 

treatment groups. ID confidence: metabolite identification level according to the putative identification confidence 

levels by IDEOM (1-10). 
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Metabolite Biochemical class Ret time 
(mins) 

Mass VIP 
score 

P value Fold change ID 
Confidence 

(R)-Malate Carbohydrates 8.85 138.0426 1.6520 2.00E-05 1.815 8 

(S)(+)-Allantoin Nucleotides 9.53 162.0681 1.4753 4.73E-04 2.196 6 

10-Oxodecanoate Lipids 4.68 196.1649 1.8652 2.00E-11 0.718 6 

2',3'-Cyclic AMP Nucleotides 7.08 339.0923 1.4147 6.52E-04 4.050 7 

2-Hydroxyadenine Others 9.11 156.0711 1.7034 5.00E-05 2.997 8 

2-Oxoglutaramate Amino Acids 7.29 150.0534 1.6886 8.07E-05 4.390 6 

5-Methylcytidine Others 7.63 267.1353 1.6335 1.00E-04 3.973 8 

6-Deoxy-L-galactose Carbohydrates 7.14 170.0939 1.7911 3.53E-06 1.266 9 

Allantoin Nucleotides 7.89 180.0777 1.4364 5.23E-04 4.595 8 

Allopurinol Others 8.17 141.0658 1.7099 9.65E-05 1.508 9 

alpha-D-Mannoheptulopyranose Others 7.51 217.1334 1.5119 2.55E-04 3.574 6 

Ascorbate 2-sulfate Others 11.38 262.0103 1.6339 1.25E-03 0.212 6 

Cerulenin Others 4.28 235.1653 1.3424 2.84E-05 2.199 7 

cis-Aconitate Carbohydrates 9.46 180.0405 1.8227 4.76E-08 2.724 6 

Coniferaldehyde glucoside Others 4.75 356.1722 1.7228 2.59E-05 0.765 7 

Deoxycytidine Nucleotides 7.14 236.1257 1.8415 2.99E-09 5.142 5 

D-Glucuronate Carbohydrates 9.05 200.0635 1.6609 7.28E-04 0.290 8 

Didrovaltratum Lipids 4.14 234.1844 1.4015 6.21E-03 0.277 8 

DL-Methionine sulfone Others 6.88 186.0698 1.6716 2.73E-05 3.717 5 

Glu-Asp Peptides 8.96 271.1155 1.6514 1.00E-04 6.705 6 

Glu-His-Thr Peptides 7.43 400.2152 1.8004 5.86E-07 6.584 8 

Glu-Ile-Ile Peptides 4.53 390.2883 1.5505 3.45E-05 1.710 7 

Glu-Val Peptides 7.44 256.1672 1.8688 9.00E-15 0.913 7 

Imidazol-5-yl-pyruvate Amino Acids 7.48 160.0646 1.5727 1.73E-03 0.601 6 

Indole-3-acetyl-glutamine Others 6.87 318.1733 1.5484 1.47E-04 1.969 5 

Inulicin Others 4.39 325.2268 1.7019 6.22E-05 1.836 6 

Isopyridoxal Metabolism of cofactors 6.89 175.0942 1.8285 1.82E-07 3.841 5 

Kynurenate Amino Acids 5.46 199.0895 1.2656 1.88E-02 0.018 6 

L-Erythrulose Carbohydrates 7.14 124.0637 1.5529 1.61E-03 3.102 7 

Prostaglandin A2 Lipids 4.37 354.2851 1.5858 1.00E-05 5.024 7 

Table 4.3 A list of statistically significant metabolites at third  time point of urine collection between control and treatment groups. ID confidence: 

metabolite identification level according to the putative identification confidence levels by IDEOM (1-10). 
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Plasma key metabolites 

The same statistical analysis (multivariate and univariate procedures) have been applied on 

plasma metabolomes of three time point data sets. In multivariate analysis from OPLS-DA score 

plots (see figure 4.12), there were 153 metabolites identified with a VIP score of 1.0 or above 

ŦƻǊ ǘƘŜ άŦƛǊǎǘ ǘƛƳŜ Ǉƻƛƴǘέ Řŀǘŀ ǎŜǘΣ мло ŦƻǊ ǘƘŜ άǎŜŎƻƴŘ ǘƛƳŜ Ǉƻƛƴǘέ ŀƴŘ ммп ŦƻǊ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ 

ǇƻƛƴǘέΦ CǊƻƳ ǳƴƛǾŀǊƛŀǘŜ ŀƴŀƭȅǎƛǎΣ ǘƘŜ ƴǳƳōŜǊ ƻŦ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ƳŜǘŀōƻƭƛǘŜǎ ŘŜǘŜŎǘŜŘ 

was lower than for urine samples, with 53 detected in thŜ άŦƛǊǎǘ ǘƛƳŜ Ǉƻƛƴǘέ ƎǊƻǳǇΣ тн ƛƴ ǘƘŜ 

άǎŜŎƻƴŘ ǘƛƳŜ Ǉƻƛƴǘέ ƎǊƻǳǇ ŀƴŘ мнр ƛƴ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘέ ƎǊƻǳǇΦ ¢ƘŜ ǊŜǎǳƭǘǎ ŀǊŜ ǇǊŜǎŜƴǘŜŘ 

in figure 4.14 through volcano plots, showing the number of statistically significant metabolites 

with positive and negative fold changes. 

 

 

 

The results of multivariate and univariate lists combined together generated the final lists of 

statistically significant metabolites for each time point condition, between control and 

intervention groups, based on passed T-test, FDR test and VIP score system. Unfortunately, 

there were not many statistically significant metabolites detected, compared to the urine 

ǊŜǎǳƭǘǎΦ Lƴ ǘƘŜ άŦƛǊǎǘ ǘƛƳŜ Ǉƻƛƴǘέ Řŀǘŀ ǎŜǘΣ ǘƘŜǊŜ ǿŜǊŜ ƴƻ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ƳŜtabolites 

ǇŀǎǎƛƴƎ ŀƭƭ ƻŦ ǘƘŜ ǘŜǎǘǎΦ Lƴ ǘƘŜ άǎŜŎƻƴŘ ǘƛƳŜ Ǉƻƛƴǘέ Řŀǘŀ ǎŜǘΣ ǘƘŜǊŜ ǿŜǊŜ ƻƴƭȅ ǘǿƻ ǎǘŀǘƛǎǘƛŎŀƭƭȅ 

significant metabolites (cis-aconitate and NG,NG-Dimethyl-L-arginineύ ŀƴŘ ƛƴ ǘƘŜ άǘƘƛǊŘ ǘƛƳŜ 

Ǉƻƛƴǘέ ƎǊƻǳǇ ǘƘŜǊŜ ǿŜǊŜ ŦƻǳǊ ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ Ƴetabolites (10-amino-decanoic acid, 

allantoin, cis-aconitate and NG,NG-Dimethyl-L-arginine). Their fold changes were all elevated 

(increased) by 1.5 or 2.0 scale when treatment (liquid milk protein) was applied. Table 4.4 

Figure 4.14 Volcano plots showing distribution of statistically significant metabolites detected between 

control and intervention groups in first (A), second (B) and third (C) time points. Data is analysed by 

univariate analysis only 

A B C 
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presents the list of statistically ǎƛƎƴƛŦƛŎŀƴǘ ƳŜǘŀōƻƭƛǘŜǎ ŀǘ άǘƘƛǊŘ ǘƛƳŜ Ǉƻƛƴǘέ ŎƻƭƭŜŎǘƛƻƴΦ 

Metabolite annotation was performed in the same way as described earlier. 

 

Even though in plasma samples, only a few number of statistically significant metabolites were 

ŘŜǘŜŎǘŜŘΣ ƛǘ ŀǇǇŜŀǊǎ ǘƘŀǘ ƛƴ ŎƻƳƳƻƴ άŎƛǎ-ŀŎƻƴƛǘŀǘŜέ ǿŀǎ ŀ ƪŜȅ ƳŜǘŀōƻƭƛǘŜ ŘŜǘŜŎǘed between 

control and intervention groups, in both urine and plasma samples.  

In this study, a statistical paired difference test should have been performed to complete 

statistical analysis fully, as two sets of measurements (control vs treatment, in both urine and 

plasma samples) were compared in the same group of subjects (overweight male healthy 

volunteers). Paired test would have made an assessment whether population means of those 

measurements significantly differ or not. Such test compares these measurements within 

subjects, rather than across subjects, and 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 begins ς due to biological factors which 

usually causes biological variance (mentioned earlier). Even with applied normalisation method, 

biological variance is hard to correct, so running a paired test in this study would have improved 

an overall accuracy of data by reducing certain degree of inter-subject variability. In OPLS-DA 

figures it can be seen that inter-subject variability was big, with clear big separation between 

groups, therefore the paired test would show the groups more clustered. 

 

 

 

Metabolite Biochemical 
class 

Retention 
time 

(mins) 

Mass VIP 
score 

P value Fold 
change 

ID 
Confidence 

10-amino-decanoic 
acid 

Lipids 7.33 187.1572 1.746 1.00E-
05 

4.388 8 

Allantoin Nucleotides 7.89 180.0777 1.331 3.45E-
07 

5.424 7 

cis-aconitate Carbohydrates 9.46 174.0165 1.282 2.54E-
08 

2.442 8 

NG,NG-Dimethyl-L-
arginine 

Others 12.17 202.1429 1.384 4.77E-
02 

3.549 7 

Table 4.4. A list of statistically significant metabolites at third time point of plasma collection between control 

and treatment groups. ID confidence: metabolite identification level according to the putative identification 

confidence levels by IDEOM (1-10). 
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4.4 Discussion 

 

4.4.1 Quality 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 tissue and biofluid (urine, plasma) metabolism. For the 

purpose of this thesis, the detailed analyses of human urine and plasma metabolic profiles only 

were performed, in search of statistically significant metabolites between two conditional 

groups: control and treatment (high fat dietary intervention). This study did not involve diabetes 

ǇŀǘƛŜƴǘǎ ōǳǘ ŎǊŜŀǘŜŘ ǘƘŜ ǇǊŜǎŜƴŎŜ ƻŦ ŀ άpre-ŘƛŀōŜǘŜǎέ ŎƻƴŘƛǘƛƻƴΦ ¢ƘŜǊŜŦƻǊŜΣ ǘƘŜ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ 

of key metabolites was not a true reflection of diabetes pathology, and the real diabetes 

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 LC-MS analytical method. The samples were collected fresh from 

volunteers and later prepared without any chemical modifications, apart from extracting them 

in (U)-13C 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) was not altered in any significant way. 

Further assessment of the quality of LC-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 QC samples, 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, repeatability, 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. 

Normalisation, using (U)-13C labelled E. coli as a source of internal standards, once again caused 

a significant decrease in data variation for the majority of metabolites ς more than 70%ς80% of 

metabolites successfully normalised in plasma, and 80%ς90% in urine. This observation was 

expected, as the previous validation experiments with human urine and plasma samples (see 

chapter three) had a similar result. There was a large number of 13C labelled metabolites in the 
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extract, acting as paired or co-eluted internal standards 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 OPLS-DA 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 OPLS-DA plots. This has demonstrated once 

again that the proposed normalisation method using stable 13C 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 investigated 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 between control and treatment groups at all three 

time points (mostly at third one), for both urine and plasma samples. They are presented in 

table 4.1 to 4.4. An elevation in metabolic activity in most of these metabolites can be observed 

after the treatment was applied ς 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 diet is known to impair the action of insulin and prevents correct 

utilisation of a glucose in skeletal muscles, it was expected to observe an elevation of glucose 

and related metabolites in pathways such as glycolysis and YǊŜōΩǎ ŎȅŎƭŜΦ Therefore, some of the 

key detected metabolites were found to relate to those pathways. One research 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 found in diabetes.341 

One of the detected metabolites in the urine samples in this study was L-erythrulose, an AGE of 

L-ascorbate, which is known to be elevated after a high fat diet intake and may cause, for 

example, the retinopathy complication in diabetes type 1 and 2 patients or atherosclerosis 

progression.342,343 From tables 4.1 to 4.3Σ ƛǘ Ŏŀƴ ōŜ ǎŜŜƴ ǘƘŀǘ ǘƘŜ ƳŜǘŀōƻƭƛǘŜΩs activity (fold-

change) was three times higher in a treatment group, compared to the control state, showing 

elevation in metabolite activity during treatment. In one dietary study, L-erythrulose levels have 

been observed to increase dramatically in human urine samples collected from patients who 

were given a meal with large amount of saturated fat, even though patients were pre-disposed 



139 
 

to diabetes already but not fully diagnosed.344 Other statistically significant metabolites, which 

were also found to be upregulated in the treatment group and belonged to AGEs, were cis-

aconitate and allantoin. The urine and plasma results showed the elevation of allantoin and cis-

aconitate metabolites in treatment samples by almost two and three fold-changes, respectively. 

Those metabolites have been observed in several high fat dietary studies in activating 

inflammatory pathways such as RAS, RAGE (receptor for advanced glycation end product) in 

vascular endothelial cells and skeletal muscles, leading to skin damage and muscle breakdown 

as well as elevated blood pressure.345,346 Cis-aconitate is one of the intermediates found in Krebs 

cycle, which is shown to activate the pathway elevating other intermediates.347 However, in one 

study, allantoin was shown to reduce obesity in high fat diet-induced mice by blocking 

Imidazoline-I1 receptors and improving lipid metabolism.348 So allantoin remains to be unclear 

in its role of progressing or preventing disease complications followed by high fat dietary 

intervention. 

R-malate metabolite levels are generally found to be affected following dietary interventions, 

as it is an intermediate metabolite in the Krebs cycle, producing energy for the cells and 

elevating glucose levels in the bloodstream.349 In the urine data results of this study, this 

metabolite was found to be statistically significant and its fold change was shown to decrease 

in the treatment samples. These results are supported by another dietary intervention study 

involving high-protein high-carbohydrate diet, where malate was also shown to be reduced in 

overweight individuals.350 In one study, however, levels of malate were found to be elevated in 

diabetic rat models, significantly impairing the activity of Krebs cycle and concentration of other 

intermediates in this cycle, for example citrate and pyruvate, causing damage to the local cells 

and tissues.349,351 The impairment of Krebs cycle has shown to cause decrease in mitochondrial 

respiration in skeletal muscles of type 2 diabetic patients.352 It appears that certain diet 

influences malate metabolic activity in different ways, depending on whether there is a high or 

a low protein diet involved. 

Nucleotides such as deoxycytidine and hydroxyl-adenine are also normally found to be 

significantly affected by the effect of high fat and protein content in dietary interventions. They 

are found to be hydrolysed by enzymes, affecting the DNA and genetic profile of the important 

cells and tissues regulating fat, glucose utilisation.353 One study demonstrated an upregulation 

of gene expression in adipocyte and skeletal muscle tissues followed by a high-fat diet in male 

mice, by showing an increase and decrease in metabolite activity of certain nucleotides and 

lipids.354 From the results in table 4.1, it can be seen that fold changes for those metabolites 
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were shown to be reduced (downregulated) in the treatment condition ς for the deoxycytidine 

metabolite downregulation was by factor five, for hydroxyl-adenine it was by factor three.   

From the plasma data, only a few statistically significant metabolites were detected between 

control and treatment groups, including cis-aconitate, allantoin and NG,NG-Dimethyl-L-

arginine, all of which were shown to be elevated in the treatment group. This once again 

supported an idea about cis-aconitate being affected by dietary high saturated fat intervention. 

Metabolite activity of NG,NG-Dimethyl-L-arginine has been found to increase in several dietary 

studies, including a poly-unsaturated fatty acid diet study where a rise in NG,NG-Dimethyl-L-

arginine metabolic activity has shown a beneficial influence on endothelial tissues.355  

Overall, it appears that several statistically significant metabolites detected in urine and plasma 

treatment samples, especially cis-aconitate and allantoin, can indeed be influenced by dietary 

intervention where an increase in saturated fat or protein is observed. In diabetes research, 

these metabolites can be potential biomarkers, due to their significant differences in fold 

changes and effect on related metabolic pathways, as demonstrated in other research 

studies.356 
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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 responses in skeletal muscles and be associated with 

complications such as diabetes, atherosclerosis, cardiovascular and other inflammatory 

conditions. The main results showed several important key metabolites, such as cis-aconitate, 

L-erythrulose, R-malate, which were elevated in their metabolite activities during the 

άǘǊŜŀǘƳŜƴǘέ Ŏƻƴdition. From previous 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 has shown 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 water-soluble metabolites (via HILIC 

chromatography conditions), and therefore, few lipid 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 origin, rather than water-soluble 

type. However, due to polar analytical conditions implemented, it was not possible to detect 

those key lipid metabolites and instead few polar ones were found. For this study it would have 

been better to use lipidomics approach with different column suitable for lipids analysis to 

obtain more lipophilic compounds. Perhaps, more statistically significant metabolites of lipid 

origin would have been detected. Key lipid metabolites that would be expected to observe in 

this study could be triglycerides, LDL-C, HDL-C, ketone bodies, cholesterol, all of which would 

be expected to increase in their metabolic activity after ingestion of high fat meal.357 

The proposed analytical normalisation method improved the accuracy of the final data by 

successfully reducing data variation between biological replicates ς 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 pathways. To 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 helped 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 low-grade 

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, the main function 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 damage.358 Glial 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 CNS mechanisms (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 are very similar to neurons and play an important communication 

role within the brain.359 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 type.360 They 

are classified by the type of cell from which they have developed, and are graded by their 

pathogenicity and their location inside the brain.361  

The type of glial cells 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, on the other hand, 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 grading 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 research.362 Finally, classification of a glioma depends 

on the brain region (location) that is being affected ς below 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 aggressive, high-grade 

(level 4 according to WHO research), invasive and heterogeneous tumour. Figure 5.1 shows 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 a different 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 analysis might be required to confirm it. 

 

5.1.2 Low grade glioma: epidemiology, aetiology and symptoms 
 

Epidemiology  

Low grade gliomas (LGGs), as defined earlier, are the slowest growing type of tumour (grades 1 

to 2), which often arise in young, otherwise healthy adults and children. They are usually 

developed in astrocytes, for example pilocytic astrocytoma (grade 1), and in oligodendrocytes 

ς 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.363 Over the last 15 to 20 years, the incidence of LGGs in the UK among adults has gradually 

increased from 2000 to 3000 cases a year, according to Cancer Research UK.364 They account 

for almost 15% of all diagnosed primary brain tumours each year, with increased prevalence 

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, the average annual incidence 

of LGGs appeared to be significantly lower than for high grade glioma, in both males and 

females, as shown in figure 5.2.365 There were 11,432 deaths reported in the UK from brain 

Figure 5.1 Progression of GBM glioma (grade 4) in an adult male brain over one month (left image) and 

progression of low grade 2 astrocytoma in an adult female brain over one month (right image). 

Advances in glioblastoma multiforme treatment. E. Ozdemir-Kaynak et al 2018 
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tumours in 2016 (all types), with a 10-year survival rate of 14% per year according to Cancer 

Research UK. This shows that even though LGGs are not such serious tumours as high grade 

(e.g. GBM), they can easily develop into the cancerous type, and therefore need to be treated 

immediately.  

 

 

Aetiology and symptoms 

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 radiation from mobile phones366, power lines367, 

microwave radiofrequency radiation368 and certain food additives such as aspartame369 

(sweetener) may trigger the pathogenesis of a disease, although those factors are still being 

investigated. It is known that 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, increases.370 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 isocitrate dehydrogenase (IDH1) gene 

mutations, neurofibromin (NF1 and NF2) gene mutations associated with neurofibromatosis, 

tuberous sclerosis (TSC1 and TSC2) gene mutations associated with tuberous sclerosis disease, 

Figure 5.2 Average annual incidence rate of different types of gliomas, including GBM and low grade, 

over a period of four years (2010ς2014) in males and females in the United States. Q. Ostram et al, 

2018, Sex-specific glioma genome-wide association study identifies new risk locus at 3p21.31 in 

females, and finds sex-differences in risk at 8q24.21 
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and so on. It is thought that IDH1 and IDH2 mutations 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 this area.371 

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 cells causing severe brain problems, even with a slow growing rate of tumour 

development.372 The most common symptom is usually the presence of seizures, occurring in 

almost 80% of patients diagnosed with LGG. The seizure is 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 speech.373 Other clinical signs and 

symptoms associated with LGG are headaches, mood swings, memory and vision loss.374 

Sometimes, individuals 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 LGG  

The diagnosis of any tumour, whether it is a low or high grade, is done via a series of physical, 

laboratory and X-ray examinations, as well as MRI or computed tomography (CT) scans of brain 

tissue375-377, 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 imaging can 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 involves removing a small amount of tissue from the brain, examining it under a 

microscope for histological diagnosis ς biopsy is not performed unless the other diagnostic tools 

fail to confirm the presence of a tumour. Biopsy with histological evaluation is generally a very 

accurate method. For example, low grade astrocytomas have well-differentiated fibrillary 

astrocytes which are easily identified under a microscope when the tissue is stained with 

chemicals such as hematoxylin.378 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%.379 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: current treatment 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 complicated 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 overall.380 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.381 Several studies demonstrated that overall the surgical intervention was found to be 

safe and effective in LGG patients, with high survival rates compared to non-surgical 

strategies.379,382,383 They concluded that there was a trend in survival rate improvement 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 of an individual.384 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 of the procedure. In most 

LGG patients, this sort of operation is done regularly and sometimes does not require full 

anaesthesia with sedation ς depending on the location of the tumour within the brain.385  

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 doses of radiation response in LGG adult 

patients. In one study, 379 patients received radiotherapy post-operatively (after biopsy 

surgery), showing no overall significant difference in survival rates, compared to a single surgery 

treatment. There was also no significant difference in survival rates between high and low dose 

radiotherapy (58% and 59% survival rates, respectively).386 Moreover, in another randomised 

clinical study, there was a high incidence of radiation neurotoxicity (adverse effect on nervous 

system) coming from a high and low dose therapies ς 5% and 2.5% incidence rates, 

respectively.387 Another study showed that long term radiation therapy caused significant 

cognitive deficits in almost half of the study subjects (patients), affecting their memory.388 

Therefore, there is still uncertainty whether to use radiotherapy in LGG patients or not, with 

higher chances of risks and the development of complications, 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 temozolomide, an alkylating agent used as an anticancer drug in brain 
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gliomas, mainly in high grade GBM and low grade astrocytoma.389,390 The drug has shown a 

distinctive advantage over other alkylating agents such as procarbazine or lomustine, due to its 

ability to pass the bloodςbrain barrier more efficiently, being more active against tumour cells 

and showing less toxic adverse reactions.391 In one clinical phase 2 study of astrocytoma grade 

2 cancer, this drug has managed to demonstrate excellent pharmacological anticancer 

properties ς out of 46 patients tested 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 months.392 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 survival rate among 250 

participants for almost 3 years before LGG turned into a high grade type where the drug was no 

longer effective.393 However, the combination of radiotherapy with temozolomide or other 

alkylating 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 significantly.394,395  

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 optimal treatment 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 alterations in important 

metabolic pathways. The presence of LGG related genetic and metabolic alterations in tumours 

ŀŦŦŜŎǘ ǘƘŜ ǇŀǘƛŜƴǘΩǎ ǊŜǎǇƻƴǎŜ ǘƻ ǎǇŜŎƛŦƛŎ ŎŀƴŎŜǊ ǘƘŜǊŀǇƛŜǎΣ ŀƴŘ ǎƻ ŀƴ ŀŎŎǳǊŀǘŜ ǎŎǊŜŜƴƛƴƎ ƻŦ ǘƘƻǎŜ 

alterations can assist scientists in deciding an optimal treatment based on molecular 

characteristics of the tumour.396 These monitored changes can lead to the discovery of potential 

biomarkers, which could be specific genes, 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 for specific 

biomarkers and metabolic pathways identification for making an accurate prognosis of a cancer, 

sub classification of LGGs based on molecular parameters and searching for optimised 

treatments targeting specific areas of the LGG.397 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 phosphoinositide-3-kinase (PI3K), MAPK 

and tricarboxylic acid (TCA or Krebs) cycle, all of which are crucial in regulating cell proliferation 

and preventing cancer.398 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 in the TCA cycle.399 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 processes of certain metabolites such as acetyl-CoA, NADP and isocitrate. 

Under normal circumstances, IDH 1 and 2 genes encode catalytic enzymes promoting these 

oxidative reactions: decarboxylation of the metabolite isocitrate to alpha-ketoglutarate, 

reduction of NADP to NADPH, and so on. The oxidation of alpha-ketoglutarate to succinate helps 

to control cell proliferation and suppress tumour cell growth.400 However, when mutated, the 

IDH genes become deactivated and change the function of catalytic enzymes, altering cellular 

metabolism and causing unwanted angiogenesis (proliferation) of tumour cells ς the oxidation 

of isocitrate to 2-hydroxyglutarate, an oncogenic metabolite.401 Such mutations are considered 

oncogenic, although their relevance to LGG is still not fully understood and is currently under 

investigation.402 Recent genetic sequencing studies demonstrated high IDH mutations present 

in 59ς90% of grade 2 astrocytomas and in 68ς85% of grade 2 oligodendrogliomas, indicating 

that these mutations play an important role and definitely can be used as potential 

biomarkers.403 IDH-mutant LGG astrocytomas are found to be less aggressive and less cancerous 

than IDH-mutant GBM, and therefore may require less aggressive treatment such as 

chemotherapy.404 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 significantly405,406, while other studies have shown no improved response to temozolomide 

chemotherapy at all.407 Therefore, more research is required into IDH gene mutations in order 



150 
 

to identify potential biomarkers. Figure 5.3 shows how 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 O6-methylguanine-methyltransferase (MGMT). MGMT is a DNA repair enzyme that 

functions by removing 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 cancer.408 MGMT methylation has 

also been 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 MGMT activity and DNA repair 

deficiency are suggested as the reasons.409 MGMT 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. Therefore, 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 mutations.410  

 

Figure 5.3 Effect of IDH 1 and 2 gene mutations on the metabolic activity in the TCA cycle. H.Yang et 

al, IDH1 and IDH2 Mutations in Tumorigenesis: Mechanistic Insights and Clinical Perspectives. 2012 
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Other gene mutations also associated with activation of LGG cancer-related signalling 

ǇŀǘƘǿŀȅǎΣ ƻŎŎǳǊ ƛƴ ŀ ǾŀǊƛŜǘȅ ƻŦ ǇǊƻǘŜƛƴǎ ǎǳŎƘ ŀǎ άǘǳƳƻǳǊ ǇǊƻǘŜƛƴ роέ ό¢tроύΣ .w!C ƪƛƴŀǎŜ 

protein, Ras protein, and phosphatase and tensin homolog (PTEN) tumour suppressor protein, 

although their full pathogenicity has not yet been fully understood.411,412 For example, gene 

mutations in PTEN tumour suppressor protein are known to over activate the PI3K pathway.413 

PTEN gene mutation involves 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 cells.414 Although PTEN mutations are generally rare in 

LGGs, these tumours may exhibit lower levels of PTEN protein and high levels of phosphorylated 

protein kinase B, but mostly it happens in high grade GBM.413,415 The Ras signalling pathway 

(also known as MAPK pathway) is usually activated in pilocytic astrocytoma, an example of LGG, 

increasing tumour cell growth and proliferation.416 The MAPK pathway is activated by a variety 

of methods including increased activity of Ras protein caused by mutations in the NF1 gene417, 

TP53 protein caused by mutations in the TP53 gene418, and BRAF kinase protein by mutations 

in the BRAF gene419. These mutations are more common in LGGs than in high 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 currently being designed and tested.420  

In low grade oligodendroglioma and astrocytoma, a common alteration is usually observed to 

be codeletion of chromosomes 1p and 19q421, which also affects the production of important 

protein suppressing tumours, such as capicua transcriptional repressor (CTR) and FUSE binding 

protein (FUBP).422 The gene coding for the CTR protein is located in chromosome 19q, while the 

gene for FUBP protein is on chromosome 1p. The deletion of these genes during 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 a progǊŜǎǎƛǾŜ ŘŜŎǊŜŀǎŜ ƛƴ άƳŜŀƴ ǘǳƳƻǳǊ ŘƛŀƳŜǘŜǊέ 

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. This study demonstrated that 1p and 19q chromosome 

codeletions can be an effective biomarker for LGG, being successfully targeted by the 

temozolomide drug.423  

All of the above mentioned gene mutŀǘƛƻƴǎ ŀƴŘ ǊŜƭŀǘŜŘ ǇǊƻǘŜƛƴǎ ŀŦŦŜŎǘƛƴƎ ƳŜǘŀōƻƭƛǘŜǎΩ ŀŎǘƛǾƛǘȅ 

and related metabolic pathways, are currently under investigation as potential biomarkers for 

LGG.424 One way to assist the monitoring of metabolic pathways and search for potential 



152 
 

biomarkers for LGG is the use of the untargeted metabolomics technique. Brain tissue samples 

from sufferers affected by LGG can be analysed using LC-MS metabolomics to help scientists in 

the search of biomarkers and affected biological pathways, and to observe closely how LGGs 

can progress to high grade gliomas. 

 

5.1.5 The importance of intra-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 tissues in the past, in 

search of potential biomarkers and related metabolic, lipidomic pathways affected by the 

disease.425-427 However, accumulating evidence suggests that intra-tumour heterogeneity (ITH), 

defined as an observation of distinct morphological and phenotypic profiles between biological 

samples taken from the same tumour, is very poorly understood.428 For example, in brain 

tumours, ITH may show the morphological and phenotypic differences between individuals with 

the same brain tumour and even between tissues taken from the same brain location within 

just one individual. This phenomenon occurs due to a simple consequence of DNA gene 

mutations. This opposes inter-tumour heterogeneity, where the differences are observed 

between different types of tumours. Investigating ITH in brain tumours can help to obtain better 

data on tumour pathology, design more effective treatment strategies and reduce current 

treatment failures.429  

So far, only a limited amount of research has been done with respect to ITH in brain tissues 

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 states in search of biomarkers and 

inter-tumour heterogeneity.430 Recently, a GBM high grade glioma study in human volunteers 

has demonstrated clear differences in metabolite activity not only between control and disease 

samples as expected, but also a presence of ITH between brain tissues taken from specific parts 

of brain, for each individual. In that study, several anatomical surgical resections of brain tissues 

(also known as plane of views) from each volunteer were shown to express differences in 

metabolic activities, fully demonstrating ITH and difference in metabolism within one 

ƛƴŘƛǾƛŘǳŀƭΩǎ ōǊŀƛƴ ǘƛǎǎǳŜǎ.431 Those surgical resections are normally 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, it seems that even for each individual affected by tumour, a certain degree of 
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metabolite difference can be expected when comparing different brain tissues taken from the 

same individual ς it can help to detect potential biomarkers more accurately. Figure 5.4 shows 

the typical brain anatomical plane of views, usually applied in sectional anatomy to examine the 

brain structure in physiologyΣ ƛƴŎƭǳŘƛƴƎ άǎǳǇŜǊŦƛŎƛŀƭέΣ άŀƴǘŜǊƛƻǊέΣ άŎŜƴǘǊŀƭ ŎƻǊŜέΣ ŀƴŘ άǇƻǎǘŜǊƛƻǊέ 

views. 

 

 

 

 

 

 

 

 

 

The central core is one of the most important functional parts of human brain. The central 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 lobes. When a tumour such as LGG affects brain tissues, the 

large presence of cancerous cells are normally detected in the central core. The non-central 

core brain tissues include the margins outside the central core and are normally close to residual 

cells. Residual cells are 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 may cause 

further tumour progression. This is why they are one of the unique cellular targets in brain 

tumours and are worth investigating.432 As they are found close to the non-central core, 

physicians like to study morphological and metabolomics differences between the central and 

non-central core, in order to further understand the role of residual cells in cancer 

development. 

Figure 5.4. Human brain tissue anatomical surgical resections (or planes of view). J. Park et al, A proposal of new 

reference system for the standard axial, sagittal, coronal planes of brain based on serially-sectioned images, 

2010. 
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Therefore, understanding the differences between central and non-central core metabolism, as 

well as detecting ITH presence between brain tissues, help the scientists to fully observe the 

effect of glioma on different parts of human brain and contribution in pathogenesis ς this may 

help scientists to discover personalised medicine for each individual against cancer.  

This chapter investigates the effect of LGG grade 2 IDH-1 mutated astrocytoma on metabolic 

and cellular morphology of human brain tissues, collected via biopsy from five adult patients 

suffering from the same condition. 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 ITH between brain tissues collected from 

each individual, as well as to compare central to non-central core metabolism affected by 

glioma.  

For the purposes of this chapter, two hypotheses have been set up: 

1. There is a significant difference in metabolic activity between different brain tissues (from 

different anatomical plane of views) for each individual, confirming ITH presence. 

2. There is a significant difference in metabolic activity between central and non-central brain 

core tissues, for each individual. 

These hypotheses were 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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5.1.6 Aims and objectives 
 

With the above hypotheses in mind, the following aims and objectives of this study, for the 

purposes of this chapter, are: 

1. To perform an LC-MS data analysis on human LGG astrocytoma brain tissue to obtain 

metabolome information of brain tissues affected by LGG 

¶ Extract and prepare brain tissue samples 

¶ Run the samples with the LC-MS instrument (same methodology as in previous chapters) with 

applied normalisation technique 

¶ Process the data with IDEOM, mzMatchIso software for obtaining metabolome and assessing 

the efficiency of labelled metabolites 

¶ Test normalisation of the data as performed in chapter three 

 

2. To address the two hypotheses by: 

¶ Designing and running multivariate analysis on the data to create specific PCA and OPLS-DA 

models (discussed later) 

¶ Running univariate analysis to obtain the list of statistically 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 IDH-1 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 

bI{ ¢ǊǳǎǘǎΣ vǳŜŜƴΩǎ aŜŘƛŎŀƭ /ŜƴǘǊŜΦ ¢ƘŜ ǎǘǳŘȅ Ƙŀǎ ōŜŜƴ ƎǊŀƴǘŜŘ ŜǘƘƛŎŀƭ ŀǇǇǊƻǾŀƭ ŦǊƻƳ ǘƘŜ 

National Research Ethics Service Committee from East Midlands, UK (ethics approval reference 

11/EM/0076). Briefly, a small amount (close to 150ς200mg 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 locations from which 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 patient had codes 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 (20mgς40mg) for the purpose of creating biological replicates. The tissue was 

cut on a glass slide over dry ice using a disinfected scalpel, to prevent it from thawing, and each 

small tissue fragment was transferred into a 2mL Eppendorf tube. There were no analytical 

replicates created in this study. 

The control sample for this study was brain tissue 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. However, as it is almost impossible to retrieve any non-diseased brain tissue from a 

cancerous brain, it was decided in this study to obtain the control non-cancerous tissue from a 

volunteer with epilepsy, who suffers a similar adverse effect (e.g. seizure) found in LGG. 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 total 125 tissue samples. The tissue samples were put into 

Eppendorf tubes, labelled appropriately and stored in -80°C freezer conditions. Table 5.1 

summarises the replicate brain tissue samples collected from each participant. 
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Patient and code Code  number 

for tissue 

sample and 

location 

Brain anatomical 

plane of views 

Approximate weight of 

collected tissue (mg) used 

for each biological 

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 

 LGG 11.4 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 12.4 Central core 20, 30, 40, 20, 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 samples from 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)-13C labelled E. coli extract solution, proportional to the weight (100µL of 

solution per 10mg of tissue). Disruption of the tissue in extract solution was performed using a 

hand-held 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 rotor into the solutions. 300µL (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 100µL (proportional to 10mg tissue) of 4°C 

deionised (purified) water (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 separate the two phases (polar and lipid) for further extraction. The upper phase 

(polar) was collected first using a pipette and was transferred into fresh pre-cooled Eppendorf 

tubes, labelled and placed in the -80°C freezer until LC-MS analysis. By carefully displacing the 

protein sediment layer between the two separated phases, the lower phase (lipid) was collected 

and transferred in fresh Eppendorf tubes, labelled and stored in the -80°C freezer. Note that the 

lipid fractions were stored for use in a separate, completely different project not related to this 

thesis. Prior to LC-MS analysis, brain tissue polar extracts were transferred into LC-MS vials. The 

QC sample was prepared by pooling 5µL from each sample, including the control, into one 

Eppendorf tube.  

 

5.2.3 LC-MS analysis 
 

The LC-MS 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 condition (stabilise) 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 peak-picking144, mzMatch for alignment 

and annotation of peaks142, IDEOM for noise filtering and metabolite putative identification.147 

During processing with IDEOM, the raw data was grouped according 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 for normalisation. The same approach was performed as in 

chapter three (see section 3.2.4), generating ratios of 13C/12C peak height intensities for each 

metabolite in each biological replicate for each group. 13C peaks were identified using the 

proposed Python code, used in the validation experiments. The quality of the metabolomics 

analysis was assessed by calculating percentage RSD values (normalisation), but they were not 

ŎƻƳǇŀǊŜŘ ǘƻ άƴƻƴ-ƴƻǊƳŀƭƛǎŜŘέ ƻǊ ƻǘƘŜǊ ƴƻǊƳŀƭƛǎŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜǎΣ ŀǎ ƛǘ ƛǎ ōŜȅƻƴŘ ǘƘŜ ǎcope of 

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 heterogeneity within patients, as well as comparing central and non-central core 

metabolism, various matrix tables were created ς see the results section 5.3. Based on these 

matrix tables containing normalised data (ratios), PCA and OPLS-DA plots were constructed in 

the same manner as in previous chapters three and four, comparing control to tumour 

(treatment). VIP score analysis was done in every OPLS-DA plot, choosing metabolites with a 

score of 1.0 or above only. Univariate analysis was performed on the same grouped data as 

used in multivariate analysis, creating a list of statistically significant metabolites between 

control and treatment groups. The parameters for T-test and FDR statistical correction were 

chosen to be the same as in chapter three and chapter four (p value of less than 0.05, 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 identification 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 

ǘƘŜ άŘƛǎŜŀǎŜέ ŎƻƴŘƛǘƛƻƴ ŎƻƳǇŀǊŜŘ ǘƻ the control. 
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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 astrocytoma 

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 lobe, the brain tissues 

were taken from various anatomical resections (plane of views), for 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 not particularly relevant, as the 

aim of the study investigated metabolic differences between brain locations and individuals, 

rather than specific ethnicity, age or gender differences ς it was difficult to recruit participants 

with the same genetic characteristics, due to limited choice of available patients at the time.  

 

 

 

 

 

 

 

 
 

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 as amino acids, carbohydrates, nucleotides and 

other polar compounds, with a certain proportion of lipids (non-polar class). The composition 

of biochemical classes is shown in figure 5.5. It was expected that a large number of hydrophilic 

Patient code Age Gender Ethnicity Anatomical brain lobes Condition 

LGG 2 25 Male White British Parietal lobe LGG astrocytoma grade 2 

LGG 5 37 Female White British Left frontal lobe LGG astrocytoma 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 (names are omitted for confidentiality 

purposes). 
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compounds would be observed, as the extraction of brain tissue samples was performed in 

hydrophilic conditions with polar extraction solvent (methanol).  

 

 

 

 

 

 

 

 

 

 

 

 

LC-MS analytical performance 

Analytical runs of brain tissue samples (treatment groups and control) have generated clear 

ǎǇŜŎǘǊŀ ǿƛǘƘ ŘƛǎǘƛƴŎǘƛǾŜ ƳŜǘŀōƻƭƛǘŜ ǇŜŀƪǎΣ ƘƛƎƘ ¢L/ ǾŀƭǳŜǎ όҗ 98) and no background noise or 

carryover 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 similar to the 

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 spectra of the 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 analytical performance 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 metabolite in each of the 10 QC samples 

Figure 5.5. Composition of putative metabolites in human brain tissue samples (control and 

treatment groups) according to biochemical class 
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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 metabolites) expressed an RSD of less than 30% between 

QC samples ς that is before normalisation calculations. This demonstrated good analytical 

performance and instrument suitability throughout the experiment. 

Normalisation data analysis 

Once the normalisation analysis had 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 normalised 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 other polar 

classes. Metabolites which were not successfully normalised, did not have a suitable internal 

standard that could have lowered their percentage RSD ς mainly they were of lipid nature. 

There was no significant difference in the number or nature of successfully normalised 

metabolites between the data groups (patients and brain locations). Further quality of 

normalised data can be observed through multivariate PCA and OPLS-DA plots (see the next 

section), where the data points were observed to be clustered and data groups were well 

separated, showing reduced data variation.  
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Figure 5.6. Examples of LC-MS spectra of human brain tissue samples from patient ONE (LGG 2) with 

four brain locations: superficial, central core, superior, posterior (A-D). Also, from Control sample (E) 

and QC sample (F).  
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5.3.3 Metabolomics analysis of LGG brain tissue 
 

Normalised metabolomes of brain tissue samples (13C/12C ratios) were arranged in matrix tables 

and passed through multivariate analysis to obtain PCA and OPLS-DA plots, for further statistical 

analysis. The data was arranged according to the tested hypotheses. For the first hypothesis, 

where metabolic activity between different brain plane of views was compared for each patient, 

five matrix tables were created (one for each patient). For the second hypothesis, where 

metabolic activity was compared between central and non-central core brain tissues, one single 

matrix table was designed separating central and non-central 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 OPLS-DA score plots show separation between brain 

tumour tissue (from various anatomical resections) and control data points, for each of the LGG 

patients ς patients datasets (patient ONE to FIVE, AςE, respectively). The separation between 

the data groups (treatment and control) in each of the OPLS-DA 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 between control and disease states but also a presence of ITH, observed in 

every patient.  

In figure 5.8, the OPLS-DA scores plot shows the relationship in metabolic activity between 

central and non-central core brain tissue samples (all of the other types of brain locations 

grouped together), for all of the LGG patients, supporting hypothesis 2. The OPLS-DA showed a 

clear separation between central core versus non-central core data groups, with clustered data 

points and high Q2 score (0.897), demonstrating an expected biological difference between the 

groups. 
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Figure 5.7a. OPLS-DA score plots of control and LGG brain tissue from various locations (treatment) 

data groups for Patients ONE (A), TWO (B) and THREE (C). The Q2 score values for Patients ONE, TWO 

and THREE were calculated as 0.646, 0.829 and 0.872, respectively. 
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Figure 5.7b. OPLS-DA score plots of control and LGG brain tissue from various locations (treatment) 

data groups for Patients FOUR (D) and FIVE (E). The Q2 score values for Patients FOUR and FIVE were 

calculated as 0.747 and 0.821, respectively. 
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Overall, in all of the shown OPLS-DA models (for both hypotheses), it can be seen that there is 

a difference in metabolism between control and treatment groups, as well as expected 

difference between central and non-central core (figure 5.8). Further statistical analysis, with 

VIP score (multivariate) and univariate T-test 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. 

 

 

 

 

 

 

 

 

Figure 5.8. OPLS-DA score plot of central core versus non-central core data groups, for all patients. The 

R2 score value was calculated as 0.576; Q2 score value was calculated as 0.897.  
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5.3.4 Tentative identification of key significant metabolites (potential 

biomarkers) in brain tissue samples affected by LGG  
 

First hypothesis (presence of ITH between brain tissues for each patient) 

During multivariate analysis using OPLS-DA scores plots (see figures 5.7a and b), a list of 

metabolites with a VIP score of 1 or above has been generated for each patient dataset. The 

άtŀǘƛŜƴǘ hb9έ ht[{-DA scores plot has shown 274 metabolites with a high VIP score of 1 or 

ŀōƻǾŜΣ ƛƴ άtŀǘƛŜƴǘ ¢²hέ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нрсΣ ƛƴ άtŀǘƛŜƴǘ ¢Iw99έ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нумΣ ƛƴ 

άtŀǘƛŜƴǘ Ch¦wέ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нсп ŀƴŘ ƛƴ άtŀǘƛŜƴǘ CL±9έ Ǉƭƻǘ ǘƘŜǊŜ ǿŜǊŜ нсл ƳŜǘŀōƻƭƛǘŜǎΦ  

Univariate analysis involving T-test and FDR correction has expressed a certain number of 

statistically significant metabolites with different fold changes between control and treatment 

ƎǊƻǳǇǎΣ ŦƻǊ ŜŀŎƘ ǇŀǘƛŜƴǘΦ CƻǊ άtŀǘƛŜƴǘ hb9έ Řŀǘŀ ǎŜǘΣ ǘƘŜǊŜ ǿŜǊŜ ммл ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ 

metabolites identified by T-ǘŜǎǘΦ CƻǊ άtŀǘƛŜƴǘ ¢²hέΣ άtŀǘƛŜƴǘ ¢Iw99έΣ άtŀǘƛŜƴǘ Ch¦wέ ŀƴŘ 

άtŀǘƛŜƴǘ CL±9έ Řŀǘŀ ǎŜǘǎΣ ǘƘŜǊŜ ǿŜǊŜ мрпΣ млпΣ мнф ŀƴŘ мпо ǎǘŀǘƛǎǘƛŎŀƭƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ƳŜǘŀōƻƭƛǘŜǎΣ 

respectively. These metabolites had a p value of less than 0.05, making them significant 

between the compared control and treatment groups. These metabolites are displayed through 

volcano plots in figure 5.9, showing a distribution of positive and negative fold changes of 

metabolites ς either being elevated or decreased in concentration, in each patient dataset (Aς

E for patient ONE to FIVE, respectively).  

Based on the above results from both multivariate and univariate analysis, a list of statistically 

significant metabolites which passed T-test (p value < 0.05), FDR statistical correction (5% 

significance level) and had a VIP score of 1 and above, was generated for each of 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 as D-tryptophan, D-fructose-1,6-

bisphosphate and 2-phospho-D-glycerate, discussed 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 table.138  

As for chapter four, statistical paired test should have been performed in this chapter as well, 

as the study compared control and treatment groups in the same group of individuals (LGG 

astrocytoma patients). Details of the test are described in previous chapter (see 4.3.2). The 

overall results might have shown more clustering of replicate points on OPLS-DA plots with 

better separation of groups.  
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A B 

C D 

E 

Figure 5.9. Volcano plots showing distribution of statistically significant metabolites detected between 

control and treatment groups in Patients ONE (A), TWO (B), THREE (C), FOUR (D) and FIVE (E). Green 

points represent positive fold change in significant metabolites, Red points represent negative fold 

change. Data is analysed by univariate analysis only. 
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Metabolite Biochemical class Retention time (mins) Molecular mass  ID confidence VIP score P value Fold change 

D-Fructose 1,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.00695 <1.00E-17 1.356 

2-Phospho-D-glycerate Carbohydrates 8.98775 185.99 8 1.02937 1.89E-05 0.624 

D-Tryptophan Amino acids 8.41097 215.126 6 1.03453 <1.00E-19 2.471 

Ecgonine Biosynthesis of secondary 
metabolism 

7.96432 194.135 5 1.02927 <1.00E-15 3.746 

Isocitrate Carbohydrates 7.79821 192.03 8 1.04528 3.42E-06 0.937 

L-Rhamnulose Carbohydrates 8.38324 170.088 6 1.04292 <1.00E-16 2.336 

L-Histidine Amino acids 9.23138 155.07 5 1.01435 2.98E-06 2.283 

Glutathione Amino acids 8.09843 307.08 8 1.13633 <1.00E-15 2.163 

Carnosine Amino acids 9.07357 235.136 8 1.12911 <1.00E-15 1.393 

Metabolite Biochemical class Retention time (mins) Molecular mass ID confidence VIP score P value 
Fold change 

2-Phospho-D-glycerate Carbohydrates 8.98775 185.99 8 1.02937 1.75E-03 0.537 

D-Fructose 1,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.00695 <1.00E-12 
2.849 

L-Hypoglycin Others 7.03673 148.102 7 1.04528 2.48E-02 
1.343 

Glutathione Amino acids 8.09843 307.08 8 
1.13633 

<1.00E-14 
1.792 

Isocitrate Carbohydrates 7.79821 192.03 8 
1.12911 

<1.00E-15 
0.884 

Calystegin B2 Others 7.79402 182.108 7 1.02093 1.39E-04 4.246 

dXMP Others 8.44035 358.08 7 1.15394 <1.00E-15 1.831 

L-Cysteine Amino acids 9.07892 124.03 10 1.00387 <1.00E-15 
1.884 

Table 5.4 List of statistically significant metabolites between control and treatment (brain locations grouped) in Patient TWO. The positive fold changes represent an 

upregulated metabolic activity and fold changes less than 1 represent downregulated activity affected by LGG. ID confidence: metabolite identification level according to 

the putative identification confidence levels by IDEOM (1-10). Red highlighted metabolites were found to be related to metabolic pathways. 

 

Table 5.3 List of statistically significant metabolites between control and treatment (brain locations grouped) in Patient ONE. The positive fold changes represent an 

upregulated metabolic activity and fold changes less than 1 represent downregulated activity affected by LGG. ID confidence: metabolite identification level according to 

the putative identification confidence levels by IDEOM (1-10). Red highlighted metabolites were found to be related to metabolic pathways. 
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Metabolite Biochemical class Retention time (mins) Molecular mass ID confidence VIP score P value 
Fold change 

D-Tryptophan Amino acids 8.41097 215.126 6 1.48489 <1.00E-20 1.673 

6-diazo-5-oxonorleucine Others 7.96148 177.084 5 1.14785 <1.00E-18 3.514 

Isocitrate Carbohydrates 7.79821 192.03 8 1.03723 3.75E-04 0.283 

Homostachydrine Others 7.61303 165.137 5 1.05549 <1.00E-18 5.428 

D-Fructose 1,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.04953 2.49E-03 1.474 

2-Phospho-D-glycerate Carbohydrates 8.98775 185.99 8 1.05752 <1.00E-20 0.736 

D-Proline Amino acids 8.52481 115.06 8 1.01748 4.58E-06 1.628 

L-Cysteine Amino acids 9.07892 124.03 10 1.04841 <1.00E-18 
2.384 

Metabolite Biochemical class Retention time (mins) Molecular mass Confidence ID VIP score 
P value Fold change 

L-Cysteine Amino acids 9.07892 124.03 10 1.04841 <1.00E-20 
1.479 

6-diazo-5-oxonorleucine Others 7.96148 177.084 5 1.38492 
<1.00E-20 2.799 

D-Fructose 1,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.57583 
<1.00E-20 2.663 

D-phenylalanine Amino acids 7.54839 165.08 8 1.15935 <1.00E-20 2.539 

3-Phosphoenolpyruvate Amino acids 9.19384 167.98 8 1.12637 <1.00E-20 2.654 

Glutathione Amino acids 8.09843 307.08 8 1.99345 <1.00E-20 4.741 

D-Tryptophan Amino acids 8.41097 215.126 6 1.04959 <1.00E-20 2.445 

Table 5.5 List of statistically significant metabolites between control and treatment (brain locations grouped) in Patient THREE. The positive fold changes represent an 

upregulated metabolic activity and fold changes less than 1 represent downregulated activity affected by LGG. ID confidence: metabolite identification level according to 

the putative identification confidence levels by IDEOM (1-10). Red highlighted metabolites were found to be related to metabolic pathways. 

 

Table 5.6 List of statistically significant metabolites between control and treatment (brain locations grouped) in Patient FOUR. The positive fold changes represent an 

upregulated metabolic activity and fold changes less than 1 represent downregulated activity affected by LGG. ID confidence: metabolite identification level according to 

the putative identification confidence levels by IDEOM (1-10). Red highlighted metabolites were found to be related to metabolic pathways. 
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Metabolite Biochemical class Retention time (mins) Molecular mass Confidence ID VIP score 
P value Fold change 

3-Deoxy-D-manno-octulosonate 8-
phosphate 

Biosynthesis of secondary 
metabolism 

8.44545 326.061 5 1.16991 
<1.00E-14 

3.475 

D-Tryptophan Amino acids 8.41097 215.126 6 1.45885 3.57E-08 4.284 

Ecgonine 
Biosynthesis of secondary 

metabolism 
7.96432 194.135 5 1.27894 

<1.00E-15 

2.758 

O-Succinyl-L-homoserine Amino acids 7.96313 227.101 8 1.39435 
1.36E-04 

4.322 

L-Cysteine Amino acids 9.07892 124.03 10 1.99483 <1.00E-20 2.637 

Ala-Met-Gln-Gln Peptides 7.44822 494.265 7 1.02023 1.83E-12 2.849 

Table 5.7 List of statistically significant metabolites between control and treatment (brain locations grouped) in Patient FIVE. The positive fold changes represent an 

upregulated metabolic activity and fold changes less than 1 represent downregulated activity affected by LGG. ID confidence: metabolite identification level according to 

the putative identification confidence levels by IDEOM (1-10). Red highlighted metabolites were found to be related to metabolic pathways. 
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Second hypothesis (Central versus non-central core brain tissue metabolomics) 

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 OPLS-DA 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 between central and non-

central core (with p value less than 0.05 and FDR 5% corrected) ς shown in the volcano plot 

below (figure 5.10). More than half of those metabolites expressed positive fold changes 

(elevation in metabolite concentration in central core tumour, as opposed to non-central), 

although there was a large proportion of metabolites expressing negative fold change too.   

 

 

 

 

 

 

 

 
 

 

 

The list of statistically significant metabolites from univariate analysis was compared to the VIP 

score list, to generate the list of statistically significant metabolites which passed T-test, were 

FDR corrected and had a VIP score of 1.0 or above. There were 31 significantly changed 

metabolites (shown in table 5.8). Most of them were found to be elevated in concentration 

(central tumour over non-central tumour).  

Figure 5.10. Volcano plot showing distribution of statistically significant metabolites detected 

between central core tumour and non-central core tumour. Green points represent positive fold 

change in significant metabolites; red points represent negative fold change. Data is analysed by 

univariate analysis only. 
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Metabolite Biochemical class Ret time (mins) Molecular mass  ID confidence VIP score P value Fold 
change 

1,8-Diazacyclotetradecane-2,9-dione Others 5.60265 238.208 
 

7 1.42423 
 

1.93E-06 
 

0.478 

D-Fructose 1,6-bisphosphate Energy metabolism 9.07581 346.015 8 1.38493 <1.00E-13 2.578 

2-Phospho-D-glycerate Carbohydrates 8.98775 185.99 8 1.04532 1.88E-05 0.853 

D-Tryptophan Amino acids 8.41097 215.126 6 1.40692 <1.00E-15 2.487 

Ecgonine Biosynthesis of secondary 
metabolism 

7.96432 194.135 5 1.57557 <1.00E-15 1.773 

Citrate Carbohydrates 7.79821 192.03 10 1.04758 <1.00E-20 1.684 

Homostachydrine Others 7.61303 165.137 5 1.00455 <1.00E-14 1.322 

L-Rhamnulose Carbohydrates 8.38324 170.088 6 1.64369 <1.00E-20 3.886 

L-Histidine Amino acids 9.23138 155.07 5 1.75563 2.97E-06 2.342 

Carnosine Amino acids 9.07357 235.136 8 1.56694 <1.00E-20 3.854 

L-Cysteine Amino acids 9.07892 124.03 10 1.73576 <1.00E-20 2.847 

6-diazo-5-oxonorleucine Others 7.96148 177.084 5 1.48593 <1.00E-20 1.492 

3-Phosphoenolpyruvate Amino acids 9.19384 167.98 8 1.47583 <1.00E-14 2.426 

Glutathione Amino acids 8.09843 307.08 8 1.22942 <1.00E-20 2.445 

D-Proline Amino acids 8.52481 115.06 8 1.45583 <1.00E-12 1.277 

D-phenylalanine Amino acids 7.54839 165.08 8 1.45635 <1.00E-20 2.631 

Ala-Met-Gln-Gln Peptides 7.44822 494.265 7 1.38485 8.76E-14 0.573 

D-Apiitol Others 8.05021 141.09 7 1.28531 9.19E-05 3.573 

DL-2-Aminooctanoicacid Others 8.38775 167.152 5 1.39996 5.97E-06 1.236 

gamma-L-Glutamyl-L-cysteinyl-beta-
alanine 

Others 7.60821 
 

332.135 
 

7 1.40984 
 

<1.00E-20 0.037 

D-Serine Amino acids 9.30846 105.042 9 1.64832 <1.00E-20 1.573 

O-Acetyl-L-homoserine Amino acids 7.76138 167.089 8 1.36243 7.65E-07 0.479 

O-Succinyl-L-homoserine Amino acids 7.96313 227.101 8 1.26072 <1.00E-20 2.403 

D-methionine Amino acids 8.04627 149.05 8 1.37483 <1.00E-20 4.332 

Hypotaurine Amino acids 9.13925 109.02 8 1.64953 5.24E-03 2.853 
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Tremetone Others 8.92748 202.10 5 1.43874 <1.00E-20 0.048 

5'-Phosphoribosylglycinamide Nucleotide 8.61633 286.06 8 1.76843 <1.00E-20 2.644 

1-Methyladenosine Others 10.17484 281.11 7 1.33924 1.73E-02 3.284 

Phenol sulphate Others  4.83522 174.84 7 1.41573 <1.00E-20 3.274 

D-Xylulose 5-phosphate Carbohydrates 8.55547 230.02 6 1.82934 3.46E-03 4.284 

 

 

 

 

 

 

 

 

 

 

 

 

2-Furoate Others 9.37829 112.02 5 1.48495 3.32E-05 0.858 

Table 5.8 List of statistically significant metabolites between central core tumour and non-central core tumour among all patients. The positive fold changes 

represent an upregulated metabolic activity (increased concentration) of metabolites in central core over non-central core tumour, while fold changes less 

than 1 represent downregulated activity. ID confidence: metabolite identification level according to the putative identification confidence levels by IDEOM 

(1-10). Red highlighted metabolites were found to be related to metabolic pathways. 
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Metabolic pathway analysis  

The list of potential biomarkers (key statistically significant metabolites) have been passed 

through metabolic pathway enrichment analysis (MetaboAnalyst) to observe any important 

metabolic pathways affected during intervention (glioma effect). The results below show the 

affected pathways with calculated fold enrichment ōŀǎŜŘ ƻƴ ƳŜǘŀōƻƭƛǘŜǎΩ ŦƻƭŘ ŎƘŀƴƎŜǎΦ Figure 

5.11 shows the map of the main affected pathways and related metaboliteǎΩ fold enrichment 

(based on metabolite concentrations/fold changes).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.11. Metabolic pathway enrichment analysis overall results showing which pathways were 

mostly affected by the intervention (LGG disease). Data taken from MetaboAnalyst data processing. 



177 
 

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 2), answering hypothesis questions 

on intra-tumour heterogeneity (ITH), difference between central and non-central core 

metabolome activity, and trying to find significant key metabolites as potential biomarkers, 

which can strongly affect metabolic pathways developing LGG pathogenesis. In the past, 

metabolic heterogeneity has been investigated across several brain tumours433, but not in the 

context of a single brain tumour. To date, the ITH concept has been used in other types of organ 

cancers, such as lung434 and kidney435. Multi-region sampling in five LGG patients has been 

performed in this study to 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 polar 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 quality spectra data and 

good analytical performance throughout the experiments (good QC results).68,436,437 However, 

these studies showed a wide biological variation in their samples. Most of them did not use any 

normalisation or advanced normalised method, for example 13C 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 brain tissue 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 LGG-affected human brain 

tissue have shown a clear difference between control (epilepsy-affected human brain tissue) 

and treatment groups (brain tissues taken from various anatomical resections in each 

individual), through OPLS-DA models ς shown in figure 5.7. In those models, 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 metabolic activity 

between brain tissues (taken by various resections) in each individual. Further 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 some 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, were D-

fructose-1,6-bisphosphate, 2-phospho-D-glycerate, isocitrate, D-tryptophan, L-cysteine and 

glutathione. All of these metabolites are hugely involved in physiological metabolic pathways, 

closely related to cell proliferation and growth, so a change in their metabolic activity influenced 

by genetic mutations can massively affect cell proliferation, and hence cause cancer.438 

Statistically significant metabolites and metabolic pathways  

D-fructose-1,6-bisphosphate and 2-phospho-D-glycerate metabolites both play an essential role 

in the glycolysis and glutamine-glutamate pathways which are important for cell growth, 

converting glucose into the metabolite pyruvate and releasing energy in the form of ATP, which 

is used in further important metabolic reactions.439 Pyruvate then enters pyruvate metabolism, 

generating acetyl-CoA, which then activates the TCA cycle metabolic reactions.440 Therefore, an 

inhibitory or elevated effect of D-fructose-1,6-bisphosphate and 2-phospho-D-glycerate can 

have huge consequences on glycolysis 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 D-fructose-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 FOUR) ς patient FIVE 

tumour samples did not display the significance of this metabolite. For 2-phospho-D-glycerate, 

the metabolic activity was also increased, but the fold change was smaller ς 0.624 (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 metabolite. 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 fructose-6-phosphate 

into fructose-1,6-bisphosphate was observed in tumour samples, showing highly elevated 

concentrations of fructose-1,6-biphosphate in cancer cells.441 In another study, the metabolite 

levels of 2-phospho-glycerate was observed to be elevated in human astrocytoma LGG tissues. 

That study showed overexpressed activity of the enzyme phosphoglycerate mutase 1 that 

normally catalyses 3-phosphoglycerate into 2-phosphoglycerate. With its high activity, the 

production of 2-phosphoglycerate was very rapid in the tumour cells.442 In 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 of glycolysis was 
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found to increase during seizures.443 Therefore, the control sample did not influence the 

metabolic levels of D-fructose-1,6-bisphosphate and 2-phospho-D-glycerate in any way that 

could affect interpretation of the data. Figure 5.11 shows how the two major metabolic 

pathways (glutathione, glutamate have highest amount of key metabolites fold change). 

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 metabolite alpha-ketoglutarate by IDH-1 and IDH-2 

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 into 2-

hydroxyglutarate, interrupting and downregulating 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 were less than 1 ς in patient ONE (0.9) and in patient TWO 

(0.8), showing the 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 before.444,445 Figure 5.11 shows that in TCA cycle pathway there were low number 

of fold changes in key metabolites. Unfortunately, the expected elevation in metabolic activity 

of 2-hydroxyglutarate or decrease in alpha-ketoglutarate were not observed in this study, as the 

metabolites were not even detected in this metabolic LC-MS 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 fold changes 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 cycle ς tryptophan activates the metabolite acetyl 

CoA, increasing the activity of TCA metabolism and leading to tumour development.446-448 

Tryptophan was also found to aid glioma resistance to oxidative stress (radicals that may destroy 

tumour cells).449 

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 control ς 

fold changes were elevated in a few patients. This observation was expected, because in 

gliomas, the cellular uptake of cysteine is generally increased. As cysteine is a precursor of 

glutathione biosynthesis, glutathione levels would also be expected to increase in glioma 
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cells.450 Increased metabolic levels of glutathione in glioma cells has a huge effect on the TCA 

cycle, as well as the MAPK pathway. Elevated levels of glutathione were shown to inhibit the 

MAPK pathway, preventing antioxidant protection of healthy brain cells.451 

Central versus non-central core metabolism 

Metabolism of central and non-central core tissues was compared to each other in order to 

understand the effect of LGG tumour development throughout the brain tissues and the role of 

residual cells in LGG pathogenesis. OPLS-DA model (figure 5.8) showed a clear separation 

between the central core and non-central core groups, demonstrating metabolic differences in 

tumour activity between those regions. Further statistical analysis helped to reveal some key 

statistically significant metabolites (table 5.8), some of which were in common with key 

metabolites detected for individual patient datasets (tables 5.3 to 5.7). It appears that in central 

core LGG brain tissues, some metabolites were involved in important metabolic pathways such 

as TCA cycle and glycolysis, and had higher metabolic activity than in non-central core tissues. 

This supports the theory that metabolism in central core brain tissues is hugely affected during 

cancer development, especially in the early stages of the disease. The tumour then progresses 

and affects other brain tissues surrounding central core (non-central core tissues), further 

spreading the disease throughout the brain. Presence of tumour activity in non-central core may 

lead to the development of residual cells, causing recurrent tumour. Therefore, further 

statistical analysis could be performed on 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 important metabolic 

pathways have been identified between LGG brain glioma astrocytoma and control brain tissue, 

as well as between central core and non-central core brain glioma tissue. It appears that there 

is a significant difference in metabolic activity between various brain tissue regions for each 

patient ς as shown in the OPLS-DA 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 accepted, showing the extent of heterogeneity between patients. For 

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 study ς for 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 comparison. 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 patient ς in 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 between the LGG tumour and control 

tumour were D-fructose-1,6-bisphosphate, 2-phospho-D-glycerate, isocitrate, D-tryptophan, 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 cell proliferation.  

LC-MS analysis of LGG brain tissue samples produced clear and distinctive results. With the 

advanced normalisation technique involved in this analysis, the highly accurate acquired data 

helped to detect important metabolite changes in metabolic 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 metabolites 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 alpha-ketoglutarate have already been used as diagnostic 

parameters of gliomas.452 

Now that ITH in LGG brain tissue samples between individuals and brain regions has been 

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 time. The data from 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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6.1  Method development and validation 
 

In this thesis, a proposed LC-MS method with an advanced normalisation technique involving 

(U)-13C labelled E. coli bacterium as a source of multiple internal standards (13C labelled 

metabolites) has been applied in variety of 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 and non-polar metabolites 

in the mammalian samples, 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 application 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 performed in 13C 

normalisation of mammalian metabolomes in untargeted studies, possibly due to a lack of 

resources (availability of commercial 13C labelled internal standards for a wide range of 

metabolites) and their high cost, availability of clinical samples on demand or other related 

reasons. Therefore, in this thesis it was decided to address this issue by designing a new method 

of 13C 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 validation, while chapters 

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. coli bacterial organism was a suitable source of internal standards 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 tissues, based on 

information from HMDB and ECDB online databases.53,214 One of the challenging steps in 

method development was finding the most suitable and optimised method of efficient 

extraction for E. coli. A 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 limitations.190,269,285,291 The experimental data in chapter two concluded 

that for E. coli, using ice-cold methanol extraction solvent followed by freeze-thaw 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 methanol and freeze-thaw cycle extraction has also 
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shown the best extraction results for E. coli.269 In fact, some of the techniques such as drying 

extraction involving speed vacuum centrifugation can be associated with possible metabolite 

degradation during the drying stage, as shown in another extraction study.453 E. coli and 

Spirulina were chosen for comparative analysis, as both microorganisms are extensively 

involved in clinical and pharmaceutical areas of research.454-456 E. coli metabolome results, on 

average, have demonstrated a clear advantage over Spirulina extract in terms of number of 

detected metabolomes, easy extraction method, cost and good metabolite peak signal 

response.  

When it came to labelling the bacterial organisms with 13C isotopes, the main aim was to 

generate an extract with a wide range of 13C labelled metabolites. The chosen (U)-13C-labelled 

E. coli, on average, has shown to have a large proportion of metabolites labelled with 13C isotope 

(80%), with the remaining 20% of the metabolome being unlabelled, possibly due to 

introduction of carbon dioxide during bacterial growth or the contribution of 12C isotope from 

LB media. This was perhaps the most challenging task, to generate a fully labelled E. coli extract 

without any presence of 12C isotope. It was for this reason that the M9 minimal medium was 

used during the bacterial growth procedure, as it has a minimal amount of 12C isotopes and 

enough ingredients to generate a good bacterial growth. However, because E. coli needed an 

[. ƳŜŘƛǳƳ ŀǎ ǿŜƭƭΣ ŦƻǊ ŀƴ ƛƴƛǘƛŀƭ άōƻƻǎǘέ ƻŦ ƎǊƻǿǘƘ ŀƴŘ ǘƻ ƘŜƭǇ ƛǘ ǊŜŀŎƘ ŀ ƘƛƎƘŜǊ h5Σ ǘƘƛǎ ƳƛƎƘǘ 

have introduced a certain amount of 12C isotopes. Several studies in the past have been growing 

E. coli extract in a 13C labelled environment for a variety of purposes ς mainly for tracking activity 

and function of microorganisms in a biological system, measuring metabolite 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 with 13C isotope, 

showing high isotopic purity of 13C, but there was also a presence of 12C isotopes. This showed 

that it was almost impossible to have an entire metabolome labelled successfully and therefore 

demonstrated that the technique has its limitations.189,457,458  

The next step was to validate the proposed normalisation method using appropriate biological 

samples of interest. (U)-13C labelled E. coli was applied in human urine, human brain tissue and 

mouse plasma samples, all of which did not contain any traces of serious clinical disease, apart 

from the brain tissue which was taken from volunteers suffering from seizures. In all three 

studies, a wide range of metabolites have shown a significant reduction in metabolite data 

analytical variation through  percentage RSD calculations ς in human urine and brain studies 

(approximately 70% had their RSD reduced); in the mouse plasma study (90% of metabolites) 

ς in contrast to non-normalised metabolomes. Multivariate analysis (PCA and OPLS-DA score 
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plots) also showed effective normalisation results by demonstrating clear separation between 

data groups with sample replicates clustered and high recorded Q2 scores. Finally, the 

normalisation technique has helped to detect more statistically significant metabolites in all 

three studies, compared to non-normalised datasets. This method has been shown to pass a 

validation stage, reducing the metabolite variation overall and improving the accuracy of data 

by detecting a high number of statistically significant metabolites. As mentioned earlier in the 

introduction chapter and chapter three, the 13C normalisation technique has already been 

applied in a variety of metabolomics studies (mainly targeted analysis) to assist in an accurate 

identification and quantification of intracellular metabolites, with limited research in 

untargeted studies.190,195,206 Despite the use of 13C labelled internal standards in normalising 

metabolite data, research 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 flow rate in 

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 improved 13C 

ƴƻǊƳŀƭƛǎŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜΣ ǿŀǎ ǘƘŜ ƛǎǎǳŜ ŀǊƻǳƴŘ ǘƘŜ άŎƻ-Ŝƭǳǘƛƻƴέ ǇǊƛƴŎƛǇƭŜ ς where an exact 

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 fully reflect 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 co-elute with the same retention time.194 Regardless of 

this, the main advantages of using 13C internal standards in normalising metabolome data 

outweigh these limitations. The experiments in chapter three have confirmed that the 

technique successfully reduced metabolome data variation among analytical replicates and 

improved the accuracy of data. However, such a great difference in %RSD was not observed 

between 13C normalisation and other normalisation methods. Other normalisation methods 

such as MSTUS, TIC and Creatinine demonstrated similar degree of reduction in %RSD for the 

majority of metabolites in all three case studies compared to 13C normalisation. 13C 

normalisation still demonstrated the best results and lower %RSD variance but not as 

effectively as was expected in comparison to other techniques. 13C normalisation is still a 

relatively new method, and therefore the labelling efficiency of all metabolites covering all 

carbon atoms with 13C in the structure is proving to be a tricky step, affecting the 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 LC-MS 

normalisation method 
 

In chapters four and five, a fully validated LC-MS method with a 13C normalisation technique has 

been applied in two clinical investigation studies, in order to obtain highly accurate information 

on potential biomarkers and their effect on metabolic pathways linked with disease progression. 

In both clinical studies, 13C 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 potential to be biomarkers. Some of these 

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 investigated in human brain tissue, a 

set of potential biomarkers including metabolites D-fructose-1,6-bisphosphate, 2-phospho-D-

glycerate were observed. They were shown to be elevated in the glycolysis pathway, which was 

found to be important in glioma progression, confirming their significance. In chapter four, 

important, statistically significant metabolites such as L-erythrulose, cis-aconitate and allantoin 

were shown to be elevated in urine and plasma samples of individuals treated with a high fatty 

acid meal. Therefore, 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 future large clinical 

studies investigating potential biomarkers.  

However, one of the clinical studies (in chapter four) did not contain actual disease samples ς 

urine and plasma were taken from individuals who took a high fatty acid meal, but were 

otherwise healthy 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 metabolites and 

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, actual disease 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 for the 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 results and therefore could not confirm the second hypothesis ς intra-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 obtaining healthy 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 tissue had to 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 more viable, 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 biomarker information 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 with LC-MS/MS instrumentation, as well 

as using pure 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 that 13C normalisation can indeed help to achieve useful results 

for untargeted mammalian metabolomics studies, additional work which is beyond the scope 

of this thesis could be beneficial to observe what could be done to further improve the 

normalisation method in LC-MS metabolite profiling experiments of clinical samples.  

One of the future work goals should focus on how to avoid unsuccessful normalisation 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 corresponding 13C 

labelled peaks. This could have happened because the unpaired metabolites simply were not 

detected in the E. coli extract, therefore would not have a paired 13C labelled internal standard 

in the first place. One way to improve this issue would possibly be to introduce commercially 

available 13C labelled internal standards for those metabolites which did not have a paired 13C 
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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 only for 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 to the 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 beneficial ς liver tissue, heart and kidney, which are constantly affected by a variety of serious 

diseases. It would be interesting to observe to what degree data variation can be reduced in 

these types of samples.  

Once the proposed normalisation LC-MS 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, including lipidomics 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 proteomics. For example, 13C labelling of wide 

range of lipids, using the identical uniform labelling technique but using slightly different 

chromatographic and solvent parameters appropriate to lipidomics, can be useful to label 

hydrophobic/lipophilic metabolites in mammalian samples to fully cover 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 LC-MS/MS instrumentation for those clinical samples. That would 

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 LC-MS method using 13C normalisation technique has 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 analysis. These results 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 processes related to the study in question. 
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No Authentic standard name Formula 
Monoisotopic 

mass 
pHilic Ret 

time (mins) 
Concentration 

(mM) 

1 (R)-2-Hydroxyglutarate C5H8O5 148.0372 8.11 100 

2 (R)-Acetoin C4H8O2 88.0524 12.49 10 

3 (R)-Lactate C3H6O3 90.0317 7.39 100 

4 (S)-Malate C4H6O5 134.0215 8.46 80 

5 1,3-Diaminopropane C3H10N2 74.0844 13.34 100 

6 1-Aminocyclopropane-1-carboxylate C4H7NO2 101.0477 13.96 100 

7 1-Aminopropan-2-ol C3H9NO 75.0684 15.51 100 

8 1-Butanol C4H10O 74.0732 15.37 10 

9 1H-Imidazole-4-ethanamine C5H9N3 111.0796 11.07 10 

10 1-Naphthylacetic acid C12H10O2 186.0681 6.06 5 

11 2,3-Bisphospho-D-glycerate C3H8O10P2 265.9593 15.27 10 

12 2-Aminobutan-4-olide C4H7NO2 101.0477 15.99 10 

13 2-Deoxy-D-glucose C6H12O5 164.0685 9.79 10 

14 2-Ethylhexyl phthalate C16H22O4 278.1518 5.74 10 

15 2-hydroxyethyldisulfide C4H10O2S2 154.0122 6.62 100 

16 2-Methylcitrate C7H10O7 206.0427 9.69 100 

17 2-Oxoadipate C6H8O5 160.0372 7.39 100 

18 2-Oxobutanoate C4H6O3 102.0317 6.53 100 

19 2-Oxoglutarate C5H6O5 146.0215 8.11 100 

20 3-(3-Hydroxy-phenyl)-propanoic acid C9H10O3 166.0630 7.14 10 

21 3-(4-Hydroxyphenyl)pyruvate C9H8O4 180.0423 6.64 10 

22 3,4-Dihydroxymandelate C8H8O5 184.0372 9.61 100 

23 3,4-Dihydroxyphenylacetate C8H8O4 168.0423 7.39 100 

24 3',5'-Cyclic AMP C10H12N5O6P 329.0525 11.39 10 

25 3',5'-Cyclic GMP C10H12N5O7P 345.0474 10.72 10 

26 
3alpha,12alpha-Dihydroxy-5beta-cholan-24-

oic Acid C24H40O4 392.2927 5.97 10 

27 
3alpha,7alpha-Dihydroxy-5beta-cholan-24-

oic Acid 
C24H40O4 392.2927 5.99 10 

28 3-Hydroxyphenylacetate C8H8O3 152.0473 6.53 10 

29 3-Methoxy-4-hydroxymandelate C9H10O5 198.0528 7.16 10 

30 3-Methoxy-4-Hydroxyphenylglycolsulfate C9H12O7S 264.0304 7.58 10 

31 3-Methoxytyramine C9H13NO2 167.0946 7.86 10 

32 3-Methyl-2-oxobutanoic acid C5H8O3 116.0474 6.19 100 

33 3-Phospho-D-glycerate C3H7O7P 185.9929 9.14 10 

34 4-Aminobenzoate C7H7NO2 165.0790 6.65 10 

35 4-Aminobutanoate C4H9NO2 103.0633 23.47 100 

36 4-Aminohippuricacid C9H10N2O3 194.0691 7.51 100 

37 4-Coumarate C9H8O3 164.0473 6.30 100 

38 4-Hydroxybutanoic acid C4H8O3 104.0473 14.22 10 

39 4-Hydroxyphenylacetate C8H8O3 152.0473 7.51 100 

40 4-Trimethylammoniobutanoate C7H15NO2 145.1103 14.31 100 

41 5-Aminolevulinate C5H9NO3 131.0582 15.44 100 

42 5-Hydroxyindoleacetate C10H9NO3 191.0582 8.73 10 
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43 5-Methoxytryptamine C11H14N2O 190.1106 12.53 100 

44 5-Methoxytryptamine C11H14N2O 190.1106 12.68 50 

45 5'-Methylthioadenosine C11H15N5O3S 297.0896 9.75 10 

46 5-Oxoproline C5H7NO3 129.0426 7.82 100 

47 6-Phospho-D-gluconate C6H13O10P 276.0246 11.24 10 

48 Acetaldehyde C2H4O 44.0262 8.47 100 

49 Acetyl-CoA C23H38N7O17P3S 809.1258 12.48 10 

50 Acetylcysteine C5H9NO3S 163.0303 6.79 100 

51 Adenine C5H5N5 135.0545 13.32 10 

52 Adenosine C10H13N5O4 267.0968 11.07 10 

53 ADP C10H15N5O10P2 427.0294 14.94 10 

54 Agmatine C5H14N4 130.1218 15.75 100 

55 Allantoin C4H6N4O3 158.0440 11.12 10 

56 Alpha-Hydroxyisobutyricacid C4H8O3 104.0473 6.74 100 

57 AMP C10H14N5O7P 347.0631 12.70 10 

58 Ascorbate C6H8O6 176.0321 10.30 10 

59 ATP C10H16N5O13P3 506.9958 15.33 10 

60 Benzoate C7H6O2 122.0368 6.17 10 

61 Betaine C5H11NO2 117.0790 12.69 100 

62 Biopterin C9H11N5O3 237.0862 10.64 100 

63 Biotin C10H16N2O3S 244.0882 22.48 10 

64 Cadaverine C5H14N2 102.1157 16.42 100 

65 CDP C9H15N3O11P2 403.0182 6.24 10 

66 Choline phosphate C5H14NO4P 183.0660 15.27 100 

67 citrate C6H8O7 192.0270 11.34 10 

68 CMP C9H14N3O8P 323.0519 14.11 10 

69 CoA C21H36N7O16P3S 767.1152 6.72 10 

70 Creatine C4H9N3O2 131.0695 14.32 100 

71 Creatinine C4H7N3O 113.0589 15.09 100 

72 CTP C9H16N3O14P3 482.9845 13.57 10 

73 Cytidine C9H13N3O5 243.0855 15.36 100 

74 Cytosine C4H5N3O 111.0433 15.67 10 

75 dAMP C10H14N5O6P 331.0682 12.49 10 

76 D-Arabinose C5H10O5 150.0528 10.84 100 

77 Deoxyadenosine C10H13N5O3 251.1018 10.86 10 

78 Deoxycarnitine C7H16NO2 146.1181 6.38 10 

79 Deoxyguanosine C10H13N5O4 267.0968 10.24 10 

80 Deoxyribose C5H10O4 134.0579 12.14 100 

81 Deoxyuridine C9H12N2O5 228.0746 7.99 10 

82 D-Erythrose C4H8O4 120.0423 10.14 100 

83 D-Erythrose 4-phosphate C4H9O7P 200.0086 11.79 100 

84 D-Fructose C6H12O6 180.0634 10.82 100 

85 D-Fructose 1,6-bisphosphate C6H14O12P2 339.9961 13.92 10 

86 D-Fructose 6-phosphate C6H13O9P 260.0297 12.53 100 
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87 D-Galactarate C6H10O8 210.0376 12.46 10 

88 D-Galactose C6H12O6 180.0634 11.79 100 

89 D-Galacturonate C6H10O7 194.0427 11.95 100 

90 D-Gluconic acid C6H12O7 196.0583 11.66 100 

91 D-Glucono-1,4-lactone C12H20O2 178.0477 19.34 100 

92 D-Glucosamine C6H13NO5 179.0794 17.23 100 

93 D-Glucosamine 6-phosphate C6H14NO8P 259.0457 15.29 100 

94 D-Glucose C6H12O6 180.0634 11.55 100 

95 D-glucose 6-phosphate C6H13O9P 260.0297 12.70 100 

96 D-Glycerate C3H6O4 106.0266 9.22 100 

97 dGMP C10H14N5O7P 347.0631 12.16 100 

98 dIMP C10H13N4O7P 332.0522 11.21 10 

99 DL-Glyceraldehyde 3-phosphate C3H7O6P 169.9980 12.70 10 

100 Dopamine C9H11NO4 197.0688 10.12 100 

101 D-Ribose C5H10O5 150.0528 9.96 100 

102 D-Ribose 5-phosphate C5H11O8P 230.0192 11.91 100 

103 D-Threose C4H8O4 120.0423 9.99 100 

104 dUMP C9H13N2O8P 308.0410 10.32 100 

105 Ethanolamine phosphate C2H8NO4P 141.0191 14.02 100 

106 FAD C27H33N9O15P2 785.1571 12.37 10 

107 FMN C17H21N4O9P 456.1046 9.76 10 

108 Folate C19H19N7O6 441.1397 9.56 5 

109 Fumarate C4H4O4 116.0110 6.84 100 

110 Gallate C7H6O5 170.0215 9.36 10 

111 GDP C10H15N5O11P2 443.0243 5.38 10 

112 Glutarate C5H8O4 132.0423 6.76 100 

113 Glutathione C10H17N3O6S 307.0838 12.59 100 

114 Glutathione disulfide C20H32N6O12S2 612.1520 14.99 10 

115 Glyceraldehyde C3H6O3 90.0317 5.38 100 

116 Glycerol C3H8O3 92.0473 7.73 100 

117 Glycine C2H5NO2 75.0320 14.40 100 

118 Glycolate C2H4O3 76.0160 8.16 100 

119 Glycylglycine C4H8N2O3 132.0535 15.89 100 

120 Glyoxylate C2H2O3 74.0004 10.14 100 

121 GMP C10H14N5O8P 363.0580 12.59 10 

122 GTP C10H16N5O14P3 522.9907 10.47 10 

123 Guanidine CH5N3 59.0484 13.57 10 

124 Guanidinoacetate C3H7N3O2 117.0538 15.15 10 

125 Guanine C5H5N5O 151.0494 12.50 10 

126 Guanosine C10H13N5O5 283.0917 10.86 10 

127 HEPES C8H18N2O4S 238.0987 15.98 10 

128 Hexanoylcarnitine C13H25NO4 259.1784 11.03 100 

129 Hippurate C9H9NO3 179.0582 6.48 100 

130 Homocystine C8H16N2O4S2 268.0551 15.61 100 
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131 homovanillate C9H10O4 182.0579 6.40 10 

132 Hypoxanthine C5H4N4O 136.0385 9.58 10 

133 IDP C10H14N4O11P2 428.0134 6.23 10 

134 Imidazole C3H4N2 68.0375 11.27 100 

135 Imidazole-4-acetate C5H6N2O2 126.0429 14.38 100 

136 IMP C10H13N4O8P 348.0471 11.53 10 

137 Indoxylsulfate C8H7NO4S 213.0096 17.38 100 

138 Inosine C10H12N4O5 268.0808 9.59 10 

139 isobutanal C4H8O 72.0575 8.23 50 

140 Isonicotinic acid C6H5NO2 123.0320 8.64 10 

141 Itaconate C5H6O4 130.0266 6.94 100 

142 L-2,3-Diaminopropanoate C3H8N2O2 104.0586 18.57 100 

143 L-2,4-Diaminobutanoate C4H10N2O2 118.0742 18.46 100 

144 L-2-Aminoadipate C6H11NO4 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 C6H14N4O2 174.1117 18.98 100 

149 L-Asparagine C4H8N2O3 132.0535 14.05 100 

150 L-Aspartate C4H7NO4 133.0375 13.63 100 

151 L-Carnitine C7H15NO3 161.1052 14.77 100 

152 L-Citrulline C6H13N3O3 175.0957 14.39 100 

153 L-Cystathionine C7H14N2O4S 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 C6H12N2O4S2 240.0239 15.45 10 

157 L-Dehydroascorbate C6H6O6 174.0164 10.20 100 

158 Leucinicacid C6H12O3 132.0786 6.27 100 

159 L-Glutamate C5H9NO4 147.0532 13.53 100 

160 L-Glutamine C5H10N2O3 146.0691 13.91 100 

161 L-Gulono-1,4-lactone C6H10O6 178.0477 7.03 100 

162 L-Histidine C6H9N3O2 155.0695 18.35 100 

163 L-Homocysteine C4H9NO2S 135.0354 12.86 10 

164 L-Homoserine C4H9NO3 119.0582 13.90 100 

165 Lipoamide C8H15NOS2 205.0595 6.26 10 

166 Lipoate C8H14O2S2 206.0435 5.97 10 

167 L-Isoleucine C6H13NO2 131.0946 12.18 100 

168 L-Kynurenine C10H12N2O3 208.0848 11.62 10 

169 L-Leucine C6H13NO2 131.0946 11.84 100 

170 L-Lysine C6H15N2O2 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 C4H9NO5S 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 C5H12N2O2 132.0899 18.93 100 

178 L-Phenylalanine C9H11NO2 165.0790 14.60 100 

179 L-Proline C5H9NO2 115.0633 12.67 100 

180 L-Rhamnose C6H12O5 164.0685 10.92 100 

181 L-Serine C3H7NO3 105.0426 14.22 100 

182 L-Threonine C4H9NO3 119.0582 18.64 100 

183 L-Tryptophan C11H12N2O2 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 C4H4O4 116.0110 6.20 100 

187 Malonate C3H4O4 104.0110 7.78 100 

188 Mannitol C6H14O6 182.0790 11.26 100 

189 Melatonin C13H16N2O2 232.1212 6.28 5 

190 Menadione C11H8O2 172.0524 6.02 10 

191 Mercaptoethanol C2H6OS 78.0139 8.84 100 

192 Mesaconate C5H6O4 130.0266 6.54 100 

193 meso-2,6-Diaminoheptanedioate C7H14N2O4 190.0954 16.50 10 

194 methylglyoxal C3H4O2 72.0211 11.37 100 

195 Methylguanidine C2H7N3 73.0640 15.13 100 

196 Methylmalonate C4H6O4 118.0266 6.86 100 

197 MOPS C7H15NO4S 209.0722 11.31 100 

198 myo-Inositol C6H12O6 180.0634 5.35 100 

199 N(pi)-Methyl-L-histidine C7H11N3O2 169.0851 18.57 100 

200 N6-Acetyl-L-lysine C8H16N2O3 188.1161 13.07 100 

201 N6-Methyl-L-lysine C7H16N2O2 160.1212 13.13 100 

202 N-Acetyl-D-glucosamine C8H15NO6 221.0899 10.09 100 

203 N-Acetylglutamine C7H12N2O4 188.0797 8.51 10 

204 N-Acetyl-L-glutamate C7H11NO5 189.0637 7.58 10 

205 N-Acetyl-L-phenylalanine C11H13NO3 207.0895 6.31 100 

206 N-Acetylneuraminate C11H19NO9 309.1060 10.96 100 

207 N-Acetylornithine C7H14N2O3 174.1004 15.04 10 

208 N-Acetylputrescine C6H14N2O 130.1106 7.48 100 

209 NAD+ C21H27N7O14P2 663.1091 4.28 50 

210 NADH C21H29N7O14P2 665.1248 12.73 10 

211 NADP+ C21H28N7O17P3 743.0755 7.51 10 

212 NADPH C21H30N7O17P3 745.0911 5.33 20 

213 Ne,Ne dimethyllysine C8H18N2O2 174.1368 19.00 10 

214 Nicotinamide C6H6N2O 122.0480 8.75 100 

215 O-Acetylcarnitine C9H17NO4 203.1158 13.29 100 

216 O-Acetyl-L-serine C5H9NO4 147.0532 11.96 10 

217 O-Butanoylcarnitine C11H21NO4 231.1471 9.27 100 

218 Octadecanoic acid C18H36O2 284.2715 5.74 100 

http://pubchem.ncbi.nlm.nih.gov/search/#collection=compounds&query_type=mf&query=C2H6OS&sort=mw&sort_dir=asc
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219 O-decanoyl-R-carnitine C17H33NO4 315.2410 9.70 10 

220 Orotate C5H4N2O4 156.0171 8.73 10 

221 Orotidine C10H12N2O8 288.0594 9.68 10 

222 Oxalate C2H2O4 89.9953 7.75 50 

223 Oxaloacetate C4H4O5 132.0059 7.70 100 

224 Pantothenate C9H17NO5 219.1107 7.04 10 

225 Phenolsulfonphthalein C19H14O5S 354.0562 5.44 100 

226 Phenylacetylglycine C10H11NO3 193.0739 8.34 10 

227 Phenylhydrazine C6H8N2 108.0687 8.83 100 

228 Phenylpyruvate C9H8O3 164.0473 6.08 100 

229 Phosphate O4P 97.9769 17.42 100 

230 Phosphoenolpyruvate C3H5O6P 167.9824 12.46 100 

231 Picolinic acid C6H5NO2 123.0320 8.65 100 

232 Putrescine C4H12N2 88.1000 16.72 100 

233 pyrazinoate C5H4N2O2 124.0273 8.84 10 

234 Pyridoxal C8H9NO3 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 C3H4O3 88.0161 7.00 100 

239 S-Adenosyl-L-homocysteine C14H20N6O5S 384.1216 15.50 10 

240 S-Adenosylmethioninamine C14H22N6O3S 354.1474 17.39 10 

241 Salicyluric acid C9H9NO4 195.0532 6.38 50 

242 Sarcosine C3H7NO2 89.0477 4.52 100 

243 Selenomethionine C5H11NO2Se 196.9955 12.12 100 

244 Serotonin C10H12N2O 176.0950 14.97 10 

245 sn-Glycero-3-Phosphocholine C8H20NO6P 257.1028 13.93 10 

246 sn-Glycerol 3-phosphate C3H9O6P 172.0137 11.49 10 

247 Sorbitol 6-phosphate C6H15O9P 262.0454 6.37 100 

248 Spermidine C7H19N3 145.1579 14.11 100 

249 Spermine C10H26N4 202.2158 17.47 100 

250 Succinate C4H6O4 118.0266 7.26 100 

251 Sucrose C12H22O11 342.1162 11.71 100 

252 Taurine C2H7NO3S 125.0147 12.77 10 

253 Taurocholate C26H45NO7S 515.2917 5.25 10 

254 Thiamin diphosphate C12H18N4O7P2S 424.0371 21.19 100 

255 Thiamine C12H17N4OS 265.1123 6.37 100 

256 Thymidine C10H14N2O5 242.0903 7.39 100 

257 Thymine C5H6N2O2 126.0429 7.39 10 

258 trans-Aconitate C6H6O6 174.0164 8.15 100 

259 UDP C9H14N2O12P2 404.0022 16.20 100 

260 UDP-Glucose C15H24N2O17P2 566.0550 4.24 100 

261 UMP C9H13N2O9P 324.0359 10.97 10 

262 Uracil C4H4N2O2 112.0273 9.68 5 
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263 Urate C5H4N4O3 168.0283 10.72 100 

264 Urea CH4N2O 60.0324 8.82 100 

265 Uridine C9H12N2O6 244.0695 9.01 10 

266 UTP C9H15N2O15P3 483.9685 13.42 100 

267 Xanthine C5H4N4O2 152.0334 8.99 10 

268 Xanthosine C10H12N4O6 284.0757 7.37 50 
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Appendix A2. Comparison between Human 
Biofluid (Blood and Urine) metabolome with 
Bacterial metabolome (E. coli and Spirulina) 

 

 

 

 

 

 

 

 

 

 

 

 




