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SUMMARY

Background: Recent developments in analytical technologies and bioinformatics are 

driving modem advances in biological research. Many of these methods will have 

particular relevance in the field of nutrition. Among these techniques, is metabolomics, 

which provides the opportunity for holistic metabolite assessment. Using technologies 

such as nuclear magnetic resonance (NMR) or mass spectrometry (MS), metabolomics 

measures as many low molecular weight metabolites as possible in biological samples 

and in combination with multivariate data analysis (MVDA), the global metabolic 

response to specific stimuli can be assessed. The early challenges in applying 

metabolomics to nutrition research will be to establish optimal experimental methods, to 

reach an understanding of the boundaries of normal variation in metabolic profiles and to 

elucidate the impact o f acute and chronic dietary intake on these profiles.

Objectives: The objectives of this thesis were to explore the application of metabolomics 

in human nutrition, by producing guidelines for blood and urine collection and to 

investigate the extent of normal variation in human biofluid metabolic profiles. In 

addition, this work aimed to ascertain the impact of both acute and chronic dietary intake 

on metabolic profiles. The final objective was to explore novel MVDA techniques such 

as the merging of different datasets.

Methods: A detailed review of the literature is given in Chapter 1. In Chapter 2, 

differences between the 'H NMR metabolic profiles o f plasma and serum, chilled and un

chilled urine, and first and second void urine, were assessed. Chapter 3 explored the 

extent o f variation, and the influence o f acute dietary standardisation on 'H  NMR 

urinary, plasma and salivary profiles (N = 30). Chapter 4 assessed the influence o f a 2- 

day phytochemical intervention on 'h  NMR and MS urinary metabolic profiles (N = 21). 

The merging o f 'H  NMR and MS data using co-inertia analysis (CIA) was also assessed. 

In chapter 5, metabolomics analysis was applied to a cohort of subjects with the 

metabolic syndrome (N = 60). 'H NMR urinary and plasma profiles were assessed before 

and after a 12-week dietary fat intervention [A: high fat (38 % energy) saturated fatty 

acid-rich diet; B: high fat (38 % energy) monounsaturated fatty acid-rich diet; C: 

isoenergetic low fat (28 % energy) high-complex carbohydrate diet with placebo, and D: 

isoenergetic low fat (28 % energy) high-complex carbohydrate diet with 1.24 g/d LC n-3 

polyunsaturated fatty acid capsules]. The effects of age and gender on urinary and plasma 

profiles were also examined. All 'H NMR and MS data were analysed using MVDA.
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Finally, a novel data analysis approach of combining 'H NMR and fatty acid plasma data 

was explored.

Results: No major differences were observed between plasma and serum metabolic 

profiles. The un-chilled urine samples contained *H NMR peaks corresponding to 

ethanol, which suggested bacterial fermentation in the time frame between sample 

collection and processing. The severity of outlying samples was greater for second void 

urine. In addition, second void urine showed greater variation among samples with a 

coefficient of variation o f 35 %, compared to 25 % for first void samples. The metabolic 

profiles for the first and second void profiles were consistent in showing the effects of 

dietary intake. In chapter 3, dietary standardisation for 24 hours showed a reduction in 

the extent of variation among urinary metabolic profiles but not in plasma or salivary 

profiles. In addition, time dependent changes in urine and saliva were identified, which 

included higher concentrations o f urinary creatinine and salivary acetate in the nioming 

compared to night. In chapter 4, MVDA discriminated between the urinary metabolic 

profiles following a low phytochemical diet (LPD) compared to both a normal diet (ND) 

and a standard phytochemical diet (SPD). The excretion of urinary hippurate was 

associated with the ND and SPD, while creatinine and methylhistidine were associated 

with the LPD. In this study 'H NMR and MS showed comparable results and CIA of 

both datasets combined showed discrimination between the LPD and the SPD. Finally, in 

chapter 5, differentiation of samples by age and gender was observed in the urinary data 

but not the plasma data. Urine from younger subjects and male subjects had higher levels 

of creatinine and urine from female subjects had higher levels of TMAO and citrate. No 

notable changes were observed in the urinary or plasma metabolic profile data following 

the intervention. For the merged plasma *H NMR and fatty acid dataset, MVDA showed 

differentiation between the pre- and post-intervention samples, associated with an 

elevation o f clupanodonic acid (C22:5 «-3), stearidonic acid (18:4 «-3), y-linolenic acid 

(18:3 rt-6) and arachidonic acid (20:4 «-3) following diet B. MVDA of the plasma fatty 

acid data for diet D showed an increase in plasma eicosapentaenoic acid and 

clupanodonic acid post-intervention.

Conclusions: Factors such as time of sample collection, sample handling, background 

diet, gender and age range should be considered in the study design phase of 

metabolomics studies as they may contribute to data inconsistencies. This the.sis has 

provided usefixl information that will facilitate optimal methodologies for the adoption of 

metabolomics in future nutritional studies.
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1.1 The evolution of nutrition research: from a reductionist to an 

integrative approach

History has taught us that some kind of nutrition knowledge stems back as far as 

ancient Egypt, with the administration of ground ox liver as a cure for night blindness and 

later the famous “father of medicine”, Hippocrates, acknowledged that diet has a role in 

medical well being. In the 18̂ '̂  century James Lind recommended the consumption of 

citrus fruits for the prevention o f scurvy in sailors (1). Nutrition research however, did not 

take momentum as a scientific discipline, until the 20'*’ century and during that time major 

advances in the understanding o f human biochemistry were made. The discovery of 

essential nutrients, enzymes, biochemical pathways and the identification of factors that 

influence pathway fluxes (often disease related) have formed the foundations for 

improvements in several disciplines related to human health. The bulk of this knowledge 

was achieved through a hypothesis testing, reductionist approach to biochemical 

pathways with each discovery acting as a significant piece in the overall jigsaw of 

metabolism.

The turn of this century marks another change in the landscape of nutrition 

research. Developments in technologies such as analytical machines and computer 

software make experiments that once seemed impossible, a reality. The Human Genome 

Project is an example of this. In addition, modem health problems in wealthy countries, 

such as cardiovascular disease, type 2 diabetes, obesity, some cancers and osteoporosis 

are related to complex and chronic alterations in metabolism, unlike the deficiency 

diseases that were endemic in the past (2). The study of these complex metabolic diseases 

and the current understanding o f human biochemistry have already resulted in an 

improved management of these conditions through nutritional advice, medical and 

pharmaceutical treatment. However, metabolic pathways do not stand alone and although 

research has yielded valuable information, it has been fragmented and not focused on 

metabolism as an entire network. Consequently, the true aetiologies and solutions for 

these complex metabolic diseases remain unsolved. Understanding metabolism from a 

holistic view is the challenge that faces today’s scientists. When the full metabolic picture 

is visible, the identification of irregularities and their sequential effects should become 

more obvious. In other words when the jigsaw is complete it is easier to see which pieces

3



are the most significant in the whole picture, even if they appear insignificant on their 

own.

Systems biology is a concept that involves the integration of biological function 

information through the different levels of biomolecular organisation from genes through 

to metabolites. It aims to provide a better understanding o f the entirety o f the biological 

system through mathematical modelling (3-5). The incorporation of systems biology to 

nutrition research led to the birth o f nutrigenomics (6-8), which tackles how diet 

influences genes (genomics), mRNA (transcriptomics), proteins (proteomics) and 

metabolites (metabolomics). These are the most widely accepted and well established 

omics techniques but more than fifty omics terms, such as fluxomics (9) and lipidomics 

(10) have been described in the literature (11). In addition, several nutrigenomics 

consortia have been established internationally (7). Among these, the European 

Nutrigenomics Organisation (NuGO) was awarded €17.3 m investment in 2004, for 

development in the area over a six-year period (12). The ultimate goal o f nutrigenomics is 

to define a phenotype that characterises health and to fully understand the interactions 

between food components and gene products so that nutritional intervention can be 

tailored to achieve optimal health in individuals. The concept of personalised nutrition is 

not entirely new and past developments in dietary recommendations for infants and 

athletes are evidence of this. Nonetheless, nutrigenomics will enable personalised 

nutrition to expand beyond this, to the individual level. Dietetic practice and nutrition 

advice are therefore set to evolve in the future. Currently, the disciplines encompassed by 

systems biology are not yet mature and face several challenges in relation to standardised 

procedures, including sample preparation, technical and statistical analysis and the 

availability of public databases (6, 13). Undoubtedly, the coming years in nutrition 

research as well as the wider area of systems biology will see efforts to overcome these 

challenges and to reach the ambitious goals of nutrigenomics. As the emerging omics 

techniques are incorporated with classical experimental approaches, nutrition research 

will become a true integrative science, providing a host o f biological knowledge for 

improvements in human health.
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1.2 Metabolomics -  the panorama approach to metabolite 

assessment

Although much information is to be gained from transcriptomics and proteomics, 

changes in gene or protein expression do not always manifest as an altered biochemical 

phenotype. Metabolites are clearly related to the performance of a biological system as 

they are the ultimate result of cellular regulation. Changes in their concentration represent 

genetic, physiological and environmental factors (14). Metabolic profiling, which is the 

compositional analysis of low molecular weight species in biological systems has been 

performed for almost 50 years (15), providing useful information in relation to 

biochemical function. The coupling of metabolite profiling with modem multivariate data 

analysis techniques has led to the founding of metabolomics, which stems from the word 

metabolome and refers to the full complement o f metabolites in a sample (16). 

Metabolomics has been described as the “global assessment of metabolites in a system 

(cell, tissue, or organism) under a given set of conditions” (17-20). A similar term, 

metabonomics, was proposed by Nicholson et al in 1999 (21) and was defined as “the 

quantitative measurement o f the dynamic multiparametric metabolic response of living 

systems to pathophysiological stimuli or genetic modification”. The word takes its roots 

from the Greek “meta” (change) and “nomos” (rules/laws), referring to the statistical 

models that can decipher changes in metabolism (22). Some controversy exists to whether 

these terms refer to separate themes of research because both originate from different 

branches of science (15). The early application of metabolomics was associated with plant 

and yeast research (18), whereas early metabonomics studies were concentrated in the 

area of toxicology (15, 21). The conceptual similarities of these fields are indisputable 

and both terms are frequently used interchangeably. With the rapid increase in the 

application of these techniques and the rise in publications, there has been a merging in 

the use o f these terms. In addition, other terms such as “metabolic fingerprinting” have 

been used, particularly when describing the metabolic profile of urine (19). For the 

purpose o f consistency, the term “metabolomics” will be used from this point onwards.

A schematic of the main steps involved in a metabolomics experiment are shown 

in figure 1.1. Metabolomic analyses o f biological samples generate extremely large data- 

tables, which represent spectral information that can be linked back to the identification 

of compounds. As the analytical machines have been in existence long before the concept
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of metabolomics, standard operating procedures and databases of metabolites already 

exist (23). However, these databases are hugely incomplete in terms of the full range o f 

metabolites that constitute the metabolomes o f biological systems. For this reason, one o f 

the most important missions for the advancement o f metabolomics will be to expand these 

databases to facilitate the identification of all compounds that possibly exist in biological 

samples. Unquestionably, this will be a challenging but worthwhile task. In addition, 

efforts to standardise sample collection methods will be necessary for data comparability. 

When the spectral information from sample analysis has been generated into a data-table, 

multivariate data analysis techniques can then be used to explore any trends in the data. In 

nutrition research, as well as other areas within the medical field, the aim of analysis is 

usually to identify which metabolites differentiate groups of individuals such as diseased 

and healthy or treated and control. The approach is often untargeted, therefore it enables 

the identification of new compounds that were not previously associated or expected to be 

linked to the topic under investigation. This indicates a huge potential for the furthering of 

knowledge in relation to the effects of diet on metabolic health and in the understanding 

of metabolism on a whole. It also indicates a potential for early disease detection and 

investigation. Currently, little is known regarding the effects of diet on specific metabolic 

profiles, but considering the wealth o f information that is to be gained, metabolomics is a 

wise investment for the field of nutrition science.

In 2005, the Metabolomics Society was established for the promotion of international 

growth and development in the field of metabolomics. Its purpose is to build cormections 

between academia, government and industrial bodies working in the field of 

metabolomics. In addition, the society has established a scientific journal entitled 

Metabolomics for dissemination of research development. The society also promotes 

collaboration and training through workshops and conferences internationally.
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Figure 1.1 Schematic o f each step in a m etabolom ics experiment. NM R, nuclear magnetic resonance; MS, mass spectrometry



1.3 Technologies in Metabolomics

1.3.1 The m etabolome, what is it, how is it measured?

The m etabolom e constitutes the wide range o f  small m olecules that exist in cells, 

tissues and biofluids. By nature, these m etabolites are a very heterogeneous group o f 

compounds with diverse physical and chemical properties and their concentrations vary 

by orders o f magnitude (3). For this reason, the choice o f  analytical platform in 

metabolom ics studies should be as comprehensive as possible and currently, no single 

platform is capable o f  measuring all m etabolites simultaneously. Therefore, most 

m etabolom ics studies in the literature have not truly m easured the com plete metabolome, 

but as many m etabolites as the given technology has allowed. The main analytical 

technologies used in metabolomics are nuclear magnetic resonance (NM R) spectroscopy 

and mass spectrometry (MS). Both techniques have their advantages and disadvantages 

and the chosen platform should depend on the needs o f the study. A lternatively, both 

m ethods can be used complementary to each other. The main advantages o f  NM R are 

m inimal sample preparation, high-throughput, reproducibility, robustness, cost-effective 

analysis and non-destruction o f samples, which makes them re-useable. The main 

disadvantage o f  NM R is that it is less sensitive than MS, only detecting m edium  to high 

abundance metabolites (typically as low as |im ol quantities). In addition, the 

identification o f  metabolites based on one-dim ensional chemical shift signals can be 

complex (24). However, NM R provides a good overall impression o f  the contents o f a 

biological sample. The main advantage o f  M S is that it enables a more sensitive 

(typically as low as pmol quantities) and broader range o f m etabolite identification 

compared to NM R. The disadvantages o f  M S are that it requires extensive sample 

preparation steps, it has lower reducibility, robustness and instrument stability compared 

to N M R and m etabolite identification is often difficult (25).

1.3.2 NM R Spectroscopy

NM R spectroscopy is a quantitative technique, which provides detailed 

information on the contents o f  a sample, based on its m olecular structures. The 

spectrom eter contains a powerful magnet which interacts with the m agnetic behaviour o f
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the nuclei within a sample. Although the nuclei of many elements provide a magnetic 

field, the abundance of hydrogen atoms in biomolecules makes 'H  NMR an appropriate 

choice for biological research. During 'H  NMR analysis the protons within the sample 

are irradiated with electromagnetic radiation. The protons become aligned with or against 

the field o f the external magnet. Energy is absorbed to flip the magnetic spin to the less 

stable state (against the external field). At a given frequency the nuclei become in 

resonance with the applied radiation, but due to the shielding effect of electrons, the 

absorption frequencies vary according to the chemical environments of the proton. The 

radiation energy absorbed by each proton is then reflected by its NMR signal on a 

spectrum and the position is dictated by the absorption frequency, denoted as the 

chemical shift. The chemical shift can be expressed as parts per million (ppm). The area 

under each peak is proportional to the number of protons causing that particular peak. 

The identification of compounds is possible due to the unique chemical structures that 

give rise to particular peak positioning. An example o f a urinary 'H NMR spectrum is 

shown in figure 1.2.

Sample preparation for NMR involves the addition of a small quantity of buffer 

(for samples with a varying pH such as urine) and the addition of D2O as a magnetic field 

lock signal for the spectrometer. A reference compound such as the sodium salt of 3- 

trimethylsilylproprionic acid (TSP) is usually added as a reference for the positioning of 

chemical shifts on the spectrum. Acquisition o f spectra takes approximately 5-10 min per 

sample on standard commercial machines (26). The large peaks produced from the high 

water content of most biological fluids are eliminated by a technique known as solvent 

suppression (26). For complex fluids containing both low and high molecular weight 

molecules, such as plasma, the sharp peaks from the smaller molecules become 

superimposed by the broader ones (27). Pulse sequences exist that can attenuate the 

peaks from the larger molecules. Magic angle spinning (MAS) NMR is used to analyse 

small samples of intact tissues or cells (26).

1.3.3 Mass Spectrometry

MS generally requires a pre-separation step where the components of the sample 

are separated prior to analysis. The separation techniques usually coupled with MS 

analysis include gas-chromatography (GC), liquid chromatography (LC), ultra-high-
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pressure liquid chromatography (UPLC) and to a lesser extent, capillary electrophoresis. 

UPLC operates at a higher pressure than regular LC and results in improved chromatic 

peak resolution, increased speed and sensitivity (26).

In MS analysis the molecules of the sample become fragmented by ionisation and 

the ions are then sorted and identified according to their mass-to-charge (m/z) ratios. 

There are two key components in a MS, firstly the ion source, which generates the ions 

and secondly, the mass analyser, which sorts the ions. Examples o f ion sources 

commonly used are electrospray ionisation, atmospheric pressure chemical ionisation or 

pressure photoionisation. The choice depends on the compounds being analysed. For 

complex biofluids, an LC separation technique is generally used in conjunction with 

electrospray ionisation (26). The highly charged ions are exposed to an electronic field, 

causing their electronic charge to increase until eventually, the repulsive force between 

ions with like charges exceeds the cohesive forces and they drop off to the mass analyser. 

The fragments are selected according to their masses and their intensities are measured. 

Both positive and negative ions are measured. The most common types of mass analysers 

are: quadrupole, time-of flight, ion trap and fourier transform-ion cyclotron resonance. In 

metabolomics, time of flight (TOF) instruments containing a quadrupole are often 

employed (24). Mass spectrometers produce three-dimensional data, including retention 

time (the time taken for the ions to reach the detector after sample introduction), mass 

and intensity. Compound identification is achieved by plotting these intensities as a 

function of the mass fragments, known as m/z.
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Figure 1,2 A typical 500-MHz 'h  nuclear magnetic resonance spectrum of human urine. 

The numbered peaks correspond to the metabolites: 1, lactate; 2, alanine; 3, citrate; 4, 

citrate and dimethylamine; 5, creatinine; 6, trimethylamine-A^-oxide; 7, glycine; 8, 

hippurate; 9, creatinine; 10, urea; 11, hippurate.
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1.4 Biological samples -  the looking-glass to metabolism

The biological samples most relevant in the study of mammalian biochemistry are 

biofluids, cells or tissues (28-29). Mammals produce an array o f body fluids, containing 

biomarkers that potentially reflect a snapshot o f metabolism, which can be analysed 

using metabolomics. The choice o f sample is heavily dependant on the wealth of 

information that it can provide, the ease at which it can be collected and processed, and 

on the invasiveness incurred during sample collection. To date, most metabolomics 

studies in mammals have used urine as the vehicle for investigation (29) and in the field 

o f nutritional metabolomics blood and urine are the most likely candidates o f sample 

choice (30).

1.4.1 Urine

Urine plays a vital role in maintaining homeostasis by removing excess water, 

electrolytes and other metabolites from the blood via the kidneys. It is produced 

continuously, sampling is both easy and non-invasive and preparation for metabolomics 

analysis is minimal (29). It directly reflects the metabolic status o f the kidneys and other 

organs, making it an ideal medium for the investigation o f drug toxicity and organ 

damage (31-32). Urinary biomarkers are often used to assess health status, and dietary 

intake is also reflected in urinary metabolic profiles (33-35), making it a useful biofluid 

for nutrition research. The concentrations of proteins and lipids in urine are negligible, 

which suggests that some metabolic networks will not be well represented. However, 

each biofluid is unique in the type of information it has to offer and urine, which contains 

the highest number of water-soluble metabolites, provides a rich source o f metabolic 

information.

Due to its role in waste removal, the concentrations o f urinary metabolites are 

prone to variation. For this reason urinary metabolic profiles may be susceptible to 

fluctuation and some standardisation of envirormiental factors may be warranted in study 

design. Another consideration is whether to collect spot urine or 24 hour samples and 

whether it is necessary to add preservatives to the collection vessel. For spot urine 

samples, consistency in the time of collection may be an important factor. If 

preservatives are added, it is important to understand any resulting effects on the spectral
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output. Some studies have assessed the effects of different sample handling techniques 

on urinary metabolic profiles (36-37), but no unanimous guidelines exist. The addition of 

preservative ŵ as shovm to be necessary for samples stored at 4 °C, but storage of non

frozen urine beyond 1 week was not recommended (36). A separate investigation 

recommended the addition o f sodium azide to all urine samples, and storage at -  80 °C 

(37). In addition freeze-drying and sample reconstitution were not recommended. 

Avoidance of freeze-thaw cycles was advised to ensure maintenance of metabolite 

composition throughout collection and processing (37). These studies indicated that 

bacterial contamination is one o f the main causes of divergence from the original urine 

sample composition.

1.4.2 Blood

Plasma and serum are obvious candidates for metabolomics investigation as 

blood is relatively easy to collect and holds a wealth o f metabolic information. The 

composition of blood is well maintained through homeostatic control, which means it is 

less variable than urine. The presence of high molecular weight metabolites in blood, 

such as lipoproteins, makes sample analysis and interpretation more complicated than 

urine for the maintenance o f spectral quality. Plasma (38-41) and serum (42-45) have 

both been used in metabolomics studies with plasma being the most frequent choice. One 

of the advantages o f serum is that it is prepared without the addition of any chemicals to 

the collection tube. However, it takes approximately 30 min for clotting to take place 

before centrifuging and care must be taken to maintain consistency in sample preparation 

time (46). Plasma is often favoured as it does not have the same risk of uncontrolled and 

incomplete clotting. For plasma preparation, care must be taken in the selection of 

anticoagulant as some may produce unwanted signals in subsequent metabolomics 

analysis. Per-deuterated EDTA tubes are considered the optimal choice for *H NMR 

metabolomics because this compound does not produce any spectral signals. These tubes 

are not yet available commercially but lithium-heparin tubes are recommended as the 

best second choice (46).
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1.4,3 Faecal extract

The impact of the gut microflora on human health is an area that is currently 

receiving a large amount o f interest (47). The possibility o f furthering the knowledge in 

this area through metabolomics analysis o f faecal extracts is an exciting possibility. 

Faeces is mainly composed of water, bacteria, digested and undigested food residue, fatty 

acids and various compounds released from the liver and intestines making it a rich 

source o f biological information. Faecal extract preparation involves a series of steps 

including homogenises, centrifuging and filtering (48). Marchesi et al (48) used 

metabolomics analysis of faecal extracts to compare the faecal profiles of patients with 

Crohn’s disease, ulcerative colitis and healthy controls. The study demonstrated a role for 

metabolomics in novel and non-invasive diagnostics for gastrointestinal disease. In 

another metabolomics study of faecal extracts, Jacobs et al (49) explored the influence of 

polyphenol consumption on the excretion of faecal metabolites.

1.4.4 Others

Many other biofluids can be useful in metabolomics investigations. For example 

the use o f cerebrospinal fluid may yield useful information in research relating to 

neurological diseases such as multiple sclerosis or meningitis (50). Collection is usually 

obtained by lumbar puncture, which is an invasive technique but samples could be 

collected from patients undergoing the procedure regardless or in experiments using 

animal models. The possibility o f using synovial fluid in the investigation of various 

diseases of the joints and cartilage also has potential.

Whole saliva collection is non-invasive and it contains electrolytes, 

immunoglobulins, enzymes and other cellular components. It is considered a useful 

biofluid for the diagnosis of various diseases, endocrine disorders and drug use 

assessment (51), which potentially makes it a useful biofluid for some metabolomics 

investigations. Whether it could yield any useful information in the field o f nutrition 

remains to be determined. Metabolomics analysis o f exhaled breath condensate has been 

used to explore childhood asthma (52). Breast milk is another interesting biofluid which 

can be collected non-invasively. It has a variable composition but is rich in a variety o f 

nutrients, which reflect the mother’s diet and contains lactose, oligosaccharides, amino
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acids, fatty acids, vitamins, minerals, enzymes, hormones and many other compounds 

that promote infant health (53). Metabolomics analysis of breast milk may yield useful 

information regarding infant nutrition and development and therefore is an area worth 

exploring.

In the area of fertility and foetal development research, metabolomics analysis of 

biofluids such as follicular fluid, seminal fluid, amniotic fluid and umbilical cord blood 

may provide useful information that will facilitate the identification of novel biomarkers 

or the development o f predictive models for treatment outcomes. To date, no 

metabolomics research has been published in this area.

Cells and tissues have been widely used as a medium in metabolomics studies, 

particularly in the area o f neuroscience (54) and also in cancer research (55). A recent 

publication investigated the effects of probiotic treatment on the metabolic profiles of 

intact intestinal tissues using magic-angle-spinning NMR metabolomics (56). Most 

studies using intact tissue collect the sample by biopsy or fme-needle aspiration (29).

1.4.5 Sample preparation and handling

Following sample collection, care must be taken to stop the formation or 

degradation of metabolites by adequate sample preparation and storage conditions. 

Controlling the conditions o f sample collection may pose a challenge for some sample 

types, for example the timing of faecal collection or the risk o f urine contamination from 

food in animal studies (57). Replicate and blank samples should be analysed to maintain 

quality control. The European Nutrigenomics Organisation, the Standard Metabolic 

Reporting Structure and other consortia have identified the need for publicly available 

standard operating procedures for biological sample collection in metabolomics studies 

(14). The journal of the Metabolomics Society, Metabolomics, produced a special issue 

in September 2007, directed towards recommendations for standard reporting 

requirements for biological samples. In this issue, Griffin et al (58), describe the 

minimum requirements for metabolomics experiments including nutrigenomics, clinical 

trials and other human studies. Detailed procedures for NMR spectroscopy of urine, 

plasma, serum and tissue extracts have also been well described by Beckonert et al (59).
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1.5 Data analysis

1,5.1 Data pre-processing

Pre-processing techniques are applied to both NMR and MS raw spectra 

prior to data analysis, in order to ensure a more robust and accurate assessment o f the 

data. The pre-processing steps remove some of the variance in the data that is caused by 

differences in baselines positions, shifts in peak location and varying concentrations 

between biofluid samples. Differences in urinary concentration and pH cause variation in 

the ’H NMR chemical shift exhibited by a particular metabolite. Most metabolomics 

studies add buffer to urine samples to achieve a constant pH and to minimise the effects 

o f variation in ionic strength. The pre-processing techniques typically applied to NMR 

data are baseline correction, endogenous peak removal, binning and normalisation (60). 

Similar techniques are used in the preparation of MS data. Binning of spectral data aims 

to preserve raw data information while performing a dimensional reduction o f the 

original data points down to a smaller number of bins (regions). Data reduction results in 

a smaller more workable data table. Binning o f the spectral data to a uniform bin size has 

some disadvantages such as one bin could span several peaks, peaks can be split into 

separate bins and small but important peaks can be lost and diluted in larger bins. 

Analysis of the data in full resolution produces extremely large datasets, but this practice 

is becoming more common with advances in bioinformatics (61).

The purpose of normalisation is to make the data from all samples directly 

comparable with each other. This is necessary for bio-samples of varied concentrations 

such as urine or tissues o f varied density. A commonly applied method o f normalisation 

involves setting each spectrum to have the same total intensity, and then to express each 

data point as a fraction of this total spectral intensity (61). Peak alignment is another 

technique that makes different spectra more comparable (62). The peaks of NMR or MS 

spectra are often afflicted by noise which causes a slight shifting of the peak location. 

Peak alignment involves the inclusion of peaks within a given window of the spectrum to 

be considered as the same peak position.

Data pre-processing involves the production of a data table from the analytical 

measurements to contain rows and columns, which represent the observations (samples
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or spectra) and the variables (frequencies or peak intervals) (61). Large data tables are 

produced and multivariate data analysis (MVDA) is required to identify differences and 

similarities between the spectra/samples.

1.5.2 Multivariate data analysis

The analysis of biofluids using either NMR or MS technologies generates large 

data tables with hundreds or often thousands of variables relating back to the original 

spectra. MVDA can provide (i) an overview o f the data, (ii) discrimination between 

different classes within the data (including identification of the discriminating factors) 

and (iii) regression modelling for the prediction o f outcomes in new data (63).

1.5.3.1 Data pre-treatment

Mean-centering of spectral data helps to reduce the naturally occurring variation in 

biological samples so that any assumptions about the data comparability are better 

fulfilled. Mean-centering is achieved by subtracting the mean of each spectral region 

from that data point for every individual spectrum. The aim of mean- centering is to 

adjust for differences that occur at the offset between high and low abundant metabolites, 

so that the focus can be directed to the relevant variation between samples (64). It also 

ensures that all components on a multivariate data model have the centroid o f the data as 

their origin, resulting in a parsimonious model (61).

Scaling is often applied to metabolomics data prior to multivariate data analysis, in order 

to adjust for disparity in fold differences between the different metabolites (63). The data 

is converted relative to a scaling factor to accommodate for differences in concentrations 

between the various metabolites. It accounts for the differences in numerical range 

between variables, such as |o.mol compared to mmol. One of the negative aspects of 

scaling is that while small variables are inflated and larger ones reduced, the error on the 

small variables is also increased. Geometrically, the variables, which correspond to the 

spectral regions, can be represented in multidimensional space with each variable 

defining the axes. The lengths of these axes are determined by the scaling method 

applied (63). Unit variance (UV) scaling is the equivalent of making all the axes equal in

17



length and therefore it gives all o f the variables an equal importance. Scaling to unit 

variance is also called autoscaling and uses the standard deviation as the scaling factor 

(64). Pareto scaling is often applied to spectral data and it uses the square root of the 

standard deviation as the scaling factor (63-64). It reduces the dominance of large scale 

changes in the data, increasing the recognition o f smaller changes in the data that may be 

as important biologically. Other types of scaling such as vast scaling (64-65) and 

logarithmic scaling (61) can be used but most metabolomics studies in the literature have 

used unit variance or Pareto scaling.

1.5.3.2 Principal component analysis (PCA)

PCA summarises multidimensional data, identifying correlations and deviations among 

the spectra. In addition, it depicts the relationships between the variables, indicating 

which variables contribute similar information to the graphical model and which provide 

unique information about the samples. It is an unsupervised technique and therefore 

provides unbiased information regarding trends in the data. A data table containing 3 

variables from 5 spectra can easily be visualised graphically as having 3 axes with 5 

points in the 3-dimensional space (figure 1.3 a). Each point represents a single spectrum 

and their positions are derived from the combination of their 3 individual variables. It is 

more difficult to imagine the graphical result of a metabolomics table with hundreds of 

axes.

PCA works by generating a new set of variables that are simple linear combinations of 

the original data. The original data points are projected down onto new axes, creating a 

new set of variables know as scores. These scores are latent variables, and represent the 

original data on a lower dimensional plane (figure 1.3 b). The scores could be imagined 

as the shadow of multiple points in space reflected onto a common surface, such as the 

shadow of a swarm of bees onto a blank page. The position or plane o f this “page” is 

determined by the principal components. The first principal component (PC) is 

positioned in the direction of maximum variation in the swarm of data points. The next 

PC is orthogonal to the first and every PC that follows is orthogonal to the previous one.

The scores plot seen on the computer screen or in published literature is usually the two- 

dimensional plane determined by two components, with each point derived from a single
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spectrum or sample. The scores plot is accompanied by the PCA loadings plot (figure 1.3 

c) and each loading is a weight that combines the original variables that formed the 

scores. The scores and loadings plots are complementary and super-imposable and trends 

in the scores plot can be interpreted by referring to the loadings plot. For example, if 

three spectra had a very high concentration of variable A, then these three scores will be 

positioned in close proximity on the scores plot. Variable A will be positioned at the 

corresponding location on the loadings plot, indicating that a high concentration in 

variable A is the commonality between the three samples. This is depicted in figure 1.3 c.

The quality o f all MVDA models is judged by their R value (goodness of fit parameter,
2 • •the fraction o f total variation represented by the model) and their Q value (the predictive 

ability parameter, the fraction o f total variation predicted by the model).

1.5.3.3 Partial least squares projections to latent structures (PLS)

PLS is a regression extension of PCA. PCA explores the spectral information from a 

single data matrix, X. PLS incorporates a second matrix, Y, which contains additional 

information relating to each sample, such as pre- or post-intervention, diet group, 

diseased or control. It is a supervised technique and uses the second matrix of dependant 

variables to reduce the influence of unrelated variables. The interpretation of the scores 

and loadings plots is much the same as with PCA, only the scores are now more likely to 

reveal patterns related to their grouping in the Y matrix. There is a risk of over-fitting the 

data in PLS models and for this reason care should be taken when interpreting the models 

(66).

1.5.3.4 Partial least squares-discriminant analysis (PLS-DA)

PLS-DA is a similar supervised technique that focuses on the construction of a model 

that best discriminates groups or classes within the X-data matrix. It includes an extra 

“dummy” variable that specifies the group membership. Separation between the groups is 

maximised on the scores plot and the variables that discriminate them become more 

visible on the loadings plot. This is a good method for identifying the metabolites that are 

associated with a particular group but care must be taken to always validate the model.
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otherwise interpretation is meaningless. Validation indicates the predictive power o f a 

model to classify samples. PLS-DA models are usually validated by removing a seventh 

o f the data at a time from the model (63). The removed data is used as a test set and the 

remaining data serves as a training set. The training sets are then used to predict the 

classification o f the unlabeled test-sets until all sevenths have been tested. The quality of 

the predictive models is judged by the percentage of samples that are classified correctly.

1.5.3.4 Orthogonal signal correction (OSC)

In biological data, particularly from humans, variation from the diet or living 

environment can have a confounding effect on the subtle changes in spectral data. To 

overcome this problem, data filtering methods are often applied (63). OSC is the filtering 

method most often used in metabolomics studies (67-68). In simple terms, OSC uses the 

information in the Y data (the data properties, such as gender, age group etc.) to construct 

a filter for the X data (the spectral information). The variation in X that is mathematically 

unrelated or independent of Y is then removed prior to MVDA. OSC therefore makes it 

easier to identify the differences that are directly linked to the classification of sample 

groups.
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Fig  1.3 A  schcm atic representation  o f  m ultivariate data analysis, (a) The reduction  o f  single m ultivariate 

observations to single data points, (b) A schem atic o f  principal com ponent analysis (PC A ), reproduced 

from  K eun et al (69) (e) A scores plot and loadings plot. T he loading var A is associated w ith the three 

scores (sam ples) on the bottom  left o f  the scores plot. A n ou tly ing  sam ple is locatcd outside the H otelling’s 

T^ ellipse on the top right o f  the scores plot. It is associated  w ith var D. PC, principal com ponent; Var, 

variable.
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1.6 Metabolite identification and data Interpretation -  the 

fundamental steps in metabolomics

1.6.1 Are all m etabolites relevant?

The exact num ber o f  compounds in the human m etabolom e is unknown. 

Considering the collection o f  endogenous m etabolites that have been identified by 

biological research and the vast quantity o f  secondary metabolites in plant foods 

consum ed by humans, the entirety o f metabolites in the human system reach the 

hundreds o f  thousands (24). M any o f  these will have an important biological role in the 

human body and many will have a negligible impact. If  an unknown compound is 

identified as being important in a metabolom ics experiment, the challenge will then be to 

identify it and detem iine its biological significance. The approach to building a database 

o f  the human m etabolom e should consider the importance and relevance o f  the secondary 

m etabolites that are included. Therefore the focus should prim arily be directed towards 

the relevant metabolites rather than the entirety o f  the m etabolom e and it m ay not be 

necessary to know every m etabolite in order to understand metabolism. The idea o f 

advancing clinical medicine beyond the analysis o f  a few select metabolites in standard 

blood tests to complete metabolic profiling o f  smaller samples is exciting, but the key 

factor in this advancem ent will be the ability to interpret the data and generate biological 

understanding.

1.6.2 Data assessm ent

The first step in data interpretation is to assess the PCA scores and loadings 

outputs for any trends in the data. Outlying samples can be identified at this stage, as they 

will be positioned beyond the Hotelling’s T^ 95 % confidence ellipse. This is 

dem onstrated in figure 1.3 (c). The cause on an outlying sample can be determined by 

consultation o f the loadings plot and the raw data for that sample (the spectrum). In the 

case o f  figure 1.3 (c), variable D is associated with the outlier. I f  variable D corresponded 

to a signal such as ethanol, then it would warrant the removal o f the sample from analysis 

to prevent skewing o f the data. Outliers should only be rem oved if  the reason is justified.
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When MVDA shows a data trend such as group separation, for example between 

a pre and post dietary intervention, the two groups will separate on the scores plot 

generated from their biological samples. The corresponding loadings can be considered 

as potential biomarkers associated with the effects of the intervention. Identification of 

these loadings is essential for data interpretation, but the most valuable and fundamental 

step in the investigation is to determine the biological relevance of the finding. NMR and 

MS can both be used for the identification o f compounds through elucidation of the 

molecular properties, although developments in this area are one o f the major challenges 

for metabolomics. Compound identification can be a laborious process and often requires 

the additional analysis of standard commercial compounds to confirm a match with the 

identified compound. However, databases for both MS and NMR already exist and 

include a range of previously identified compounds.

1.6.3 Metabolite databases

MS and NMR databases are usually the first port of call for peak identification. A 

wealth o f information about biochemical pathways and their metabolites are freely 

available online at KEGG (www.genome.jp/kegg/) (70), BioCyc (www.biocyc.org) (71) 

and Reactome (72). The METLIN database (www.metlin.scripps.edu/) is specifically 

dedicated to metabolites in human plasma and urine measured using MS techniques (73). 

In addition, more specific databases directed toward lipidomics exist (24).

To date, the biochemical databases most suited to the needs of the metabolomics 

researcher are the Human Metabolome Database (HMDB, www.hmdb.ca) (74) and 

NuGO wiki (www.nugowiki.org). NuGO wiki is operated by NuGO and takes the format 

of a wiki, which is an open source website allowing documents and databases to be 

created, edited and used by the global scientific community. The website is currently 

constructing a library of small molecules for use in human nutrition metabolomics, so 

that it provides a resource of information on metabolites as well as being a database 

where the scientific community can make significant contributions on new biomarkers 

and relevant metabolites. Launched in 2004 and still under construction, the HMDB 

contains records of more than 2180 endogenous metabolites found in human urine, blood 

and cerebrospinal fluid. New compounds are continuously being added with the aim of 

collating comprehensive and quantitative chemical, physical, clinical and biological data
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on thousands of endogenous compounds. The database is designed to serve a wide range 

of needs from the scientific researchers to the cUnician. Every metabolite on the database 

has approximately 90 separate data fields including names and synonyms, chemistry, 

reference NMR and MS spectra, biofiuid concentrations, disease associations and 

pathway information. Undoubtedly the HMDB will be a valuable resource for fiature 

research, but currently this work is in its infancy and thousands of metabolites have yet to 

be identified and described. Through continuous work the coming decades will see 

tremendous expansions in this area, filling the voids of missing data and enabling the 

potential o f metabolomics to be achieved. The research that will provide information for 

metabolite identification must be accompanied by additional investigations on the 

biological role o f these metabolites so that the ultimate challenge o f biological 

interpretation can be achieved.

1.7 Application of metabolomics

The impressive application of metabolomics so far has drawn the attention of 

scientists from across the globe, with a small number o f original studies indicating the 

vast potential of this technique. Metabolomics was flagged as a discipline meriting major 

funding in the NIH roadmap in 2005 (75) and the area has received much investment in 

recent years. Ultimately in the field of human health, the goal will be to characterise the 

metabolic profiles o f every type of disease state or health condition and have these 

housed in a large database, which can be assessed by the healthcare system. A small 

sample taken from a patient can then be scanned and if their metabolic profile matches 

the characteristics o f any disease profile, fiirther diagnostic investigation will then be 

required. Apart from early diagnostics, the path o f investigation needed to produce this 

wealth of data will undoubtedly advance the field o f disease discovery. In the process of 

characterising the metabolic profile o f a specific disease state, there is the potential to 

identify new biomarkers that may improve the understanding of that disease.

One of the earlier studies to demonstrate the diagnostic ability of metabolomics 

assessed the technique as a fast and non-invasive approach for identifying the presence 

and severity of coronary heart disease from serum profiles (42). Using PLS-DA on OSC 

data the investigators generated a model that could discriminate between subjects with
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stenosis of three major coronary vessels and normal controls with greater than 90 % 

accuracy. These findings are promising and warrant further investigation using a larger 

cohort of subjects. To facilitate the application o f such techniques in clinical medicine 

the predictive ability of the model should be tested using an independent test set. Another 

study demonstrated the use of metabolomics to assess osteoarthritis based on patients’ 

urinary metabolic profiles (76). Significant differences were observed between cases and 

controls and the urinary profiles of osteoarthritic severity correlated with radiographic 

assessment. In addition, metabolomics has been applied in the area of cancer research, 

particularly in animal models (55). A study in women with epithelial ovarian cancer, 

benign ovarian cysts and healthy controls demonstrated 100 % accuracy in classification 

based on metabolomics analysis of serum samples (77). Metabolomics has also been 

demonstrated as a screening tool in the area o f liver cancer, with the potential of lowering 

the false positive rate during screening (78). This study assessed urine samples from 

patients with hepatitis and hepatocirrhosis and showed that they could be differentiated 

from patients with liver cancer. The study also indicated that some of the urinary 

nucleosides identified by metabolomics correlated better with cancer diagnosis than the 

traditional single tumour marker, alpha-fetoprotein.

Inborn errors o f metabolism have been investigated using a metabolomics 

approach for the analysis o f blood spots (79) and urine (80). Both studies showed the 

approach to have potential as a fast and effective screening tool requiring minimal 

sample preparation. Type 2 diabetes mellitus is a growing problem worldwide and it is 

estimated that a large proportion of affected individuals remain undiagnosed early in the 

disorder due to a lack of symptoms (81). The possibility o f using metabolomics as a 

screening tool for early detection is promising. Yang at al (82) demonstrated the use of a 

metabolomics model to distinguish between patients with type 2 diabetes and healthy 

controls based on their serum lipid profiles. Another study compared the urinary changes 

resulting from type 2 diabetes in a mouse, rat and human model (83). The study found 

similarities in the urinary metabolic profiles of the three species, which included changes 

in the TCA cycle intermediates, nucleotide metabolism and methylamine metabolism. In 

addition, A^-methylnicotinamide and 7V-methyl-2-pyriodone-5-carboxamide were 

proposed as unique biomarkers that could be used to monitor the progression of type 2 

diabetes. The metabolic effects caused by traumatic brain injury were explored in a rat 

model using a metabolomics approach (84). Metabolite changes were assessed in the
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hippocampus, cortex and plasma from injured animals, sham surgery animals and a 

control group. PCA indicated changes in the brain tissue profiles from the injured 

animals resulting from oxidative stress and excitotoxic damage, but no changes were 

detected in plasma.

The application o f metabolomics has been greatly embraced by the field of 

toxicology and pharmaceutical research and development (28, 85). Several studies have 

been carried out to investigate the toxic effects of drug compounds and into the varied 

response by different animal strains (86-88). The use o f metabolomics to evaluate 

xenobiotic toxicity has been clearly demonstrated by the Consortium for Metabonomic 

Toxicology (COMET) (89). The consortium was formed between five international 

pharmaceutical companies and Imperial College London in the UK, with the aim of 

developing methodologies for the acquisition and evaluation o f metabolomics data, and 

to build a database o f the metabolic profile responses to a wide range o f compounds, 

toxins and drugs. The data was generated from *H NMR analysis o f urine, serum and 

tissues from mice and rats. The objective o f the COMET project is that the database will 

serve as a model for the prediction of target organ toxicity in response to specific 

xenobiotics. Preliminary studies were carried out to assess the effects of environmental 

factors and site location on variability in the data (89-90).

The field of plant research has been particularly active in the area of 

metabolomics and is extensively reviewed elsewhere (91). In the area of nutrition 

research, metabolomics has not yet been extensively applied. Once adequate knowledge 

has been gained in relation to the effects o f nutrients on metabolic profiles, it may prove 

to be a useftil tool in dietetic practice (92), as well as in the development of functional 

foods and dietary supplements (93-94). In dietetics, metabolomics may prove invaluable 

in the monitoring of compliance and success o f dietary guidance and intervention. Its 

application for the prediction of individual health outcomes and susceptibilities to 

specific dietary components is also promising (92).

The rapid rise in metabolomics publications over the past five years in areas such 

as plant technology, toxicology, disease diagnostics and nutrition demonstrate the wide 

range of its application and the area is clearly set to expand further.
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1.8 Nutritional metabolomics studies reviewed

1.8.1 Human studies

The application o f metabolomics as a tool in nutrition research is in its infancy, 

although many investigators are now beginning to explore the field of nutritional 

metabolomics. A summary of metabolomics studies involving dietary interventions is 

shown in table 1.1. The first published dietary intervention study to employ 

metabolomics appeared in the literature in 2003; it investigated the metabolic effects of 

soy isoflavone consumption on plasma profiles in healthy premenopausal women (39). 

Isoflavones have a wide range o f bioactivity and many o f the specific mechanisms of 

their biological effect are unclear, therefore this study aimed to provide a global insight 

into the range of metabolic effects by applying a metabolomics approach. The study had 

a small sample size with only 5 subjects, but a comprehensive design eradicated the main 

sources of variation allowing the identification of some subtle metabolic changes 

following the intervention. The subjects were provided with test and control diets which 

they consumed daily for the duration of a complete menstrual cycle, beginning each of 

the diets on the first day of menses. Inter-subject variation was the dominant feature in 

the plasma profiles from the 5 women and therefore OSC (a data filtering technique), 

was applied to remove all variation in the first orthogonal component following initial 

PCA. This elucidated the subtle effects of the isoflavone intervention, revealing that 

isoflavone consumption resulted in an increase in plasma 3-hydroxybutyrate, A^-acetyl 

glycoproteins and lactate coupled with a decrease in carbohydrate concentrations, choline 

and some lipoprotein groups. The same trends were not consistent for every subject but 

the authors highlighted that previous research has shown that the effect of isoflavone 

supplementation is not uniform amongst individuals. It was proposed that this approach 

may be useful for larger studies in identifying those individuals that show a positive 

response to isoflavone consumption and therefore the mechanisms could be explored 

more deeply in those particular individuals.

A later publication from the same group (33) reported the effects of conjugated 

and unconjugated isoflavone consumption on urinary metabolic profiles. The sample size 

(N = 5) and study design were consistent with the earlier publication, and again the 

application of spectral filtering was necessary for the detection o f subtle dietary effects
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that were initially obscured by inter- and intra subject variation. The main response to 

both forms of the isoflavones was an increase in urinary TMAO which may have related 

more to the soy protein or salt content o f the intervention diet than specifically to the 

isoflavones. The unconjugated isoflavone also showed subtle increases in urinary 

methylamine, dimethylamine, choline, creatine and decreases in citrate, lactate, 

creatinine and hippurate. Changes in the urinary metabolic profiles following the 

intervention with the conjugated form were however, less defined and differed from 

subject to subject. Much of the inter-subject variability in dietary response was attributed 

to subject specific interactions by the gut microfiora, which are known to influence the 

bioavailability o f dietary isoflavones (95). This study was a useful contribution to the 

literature as it provided an insight into the in vivo metabolism of two different forms of 

dietary isoflavones but principally it demonstrated the capacity o f metabolomics to detect 

subtle dietary related changes using biofluids.

Wang et al (34) investigated the effects o f a chamomile tea intervention in 7 

males and 7 females. The study had three phases: a 2 week control period, a 2 week 

intervention period and a 2 week post-intervention period. Spot urine samples were 

collected daily, producing a total of 420 samples for 'H NMR analysis. Data filtering 

with OSC was applied to reveal the effects of the intervention that were initially obscured 

by inter-individual variation. The analysis showed a clear trajectory of metabolic changes 

during the intervention through each of the three phases and the main metabolites 

discriminating the intervention period from the control period were hippurate, glycine, 

and an unknown metabolite as well as a decrease in urinary creatinine. It was suggested 

that the increase in hippurate excretion was associated with the high level o f phenolic 

compounds present in chamomile and that differences between the control samples and 

the post-intervention samples resulted from a persistent disruption of the gut microflora 

activities. The study also highlighted the challenge o f assessing metabolic response to 

nutritional intervention amid the diversity of normal human physiological variation.

Another study that used metabolomics to assess the metabolic effects o f tea, 

investigated changes in the plasma and urinary metabolic profiles o f 17 males following 

a 2-day cross-over intervention with green tea, black tea and a caffeine control (35). To 

facilitate the interpretation of results in the study, the investigators built separate PLS- 

DA models for the alphatic (0.5 -  4.5 ppm) and aromatic regions ( 6 - 9  ppm) of the
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NMR spectra. No reference was made to the same analysis o f the complete spectra. The 

best discrimination between treatments was observed in the aromatic region of the 

urinary profiles with the most obvious change being an increase in hippuric acid and 1,3- 

dihydroxyphenyl-2-O-sulphate excretion following tea consumption. These changes were 

attributed to the microbial breakdown of tea phenolics by the colonic flora. Differences 

between green and black tea were also observed and the spectral regions responsible 

were listed but could not be identified. The models for the alphatic region, were much 

weaker but indicated increases in several citric acid cycle intermediates following tea 

consumption and this was particularly pronounced for green tea. Plasma samples were 

only available for post-intervention comparisons and the authors claim that PLS-DA 

models indicated a reduction in plasma glucose and lipoproteins following tea 

consumption. In addition they stated that decreased levels of plasma lactate and alanine 

were observed following green tea intake but this model was very weak with a negative 

Q value. While the findings and conclusions of this paper were possibly quite accurate, 

the main criticism is that the PLS-DA models were not externally cross-validated. 

Therefore their predictive strength was unknown and any conclusions that were drawn 

are questionable. Nevertheless, the original PCA models did indicate subtle differences 

in the urinary profiles between the groups, so it was likely that some trends existed. 

Finally, another concern relating to study design was the age range of the volunteers (20- 

70 y). Other human studies have shown that age can influence metabolic profiles (40, 96- 

97), therefore it is possible that age contributed to data variation and a more uniform 

cohort may have improved analysis.

The largest human nutritional metabolomics study undertaken to date, involved 

the collection o f plasma samples from 100 obese and 50 lean subjects at 4 time points 

before and after a high fat test meal (98). Bijlsma et al have published preliminary data 

from the study mainly relating to data processing and validation techniques. They 

reported that low error rates and good permutation test results indicate a significant 

difference between the plasma lipid profiles o f the obese and lean subjects. The 

compounds were considered to be potential biomarkers but have yet to be evaluated 

biologically and the authors stated that the analytical findings will be published in a 

separate paper, which is not available to date.
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Stella et al (99) explored the effect o f dietary modulation on urinary metabolic 

profiles by conducting a randomised 15-day cross-over study in 12 healthy male subjects. 

The intervention included three diets: high meat, low meat and vegetarian and the aim of 

the study was to evaluate the variation in human metabolic phenotypes resulting from 

dietary intake. The investigators employed a robust study design where by all food was 

provided and carefully controlled, and all samples were collected and processed 

immediately at a metabolic suite. In addition, the diets were isoenergetic and participants 

acted as their own controls. The initial PC A indicated strong inter-individual variation 

but intra-individual variation appeared to be dominated by dietary exposure, revealing 3 

clusters which related to each of the diets. Further analysis revealed that the high meat 

diet was associated with elevated urinary levels o f creatinine, creatine, TMAO, taurine 

and 1-3-methyhistidine. Distinction between the low meat and vegetarian diets was more 

subtle, and the vegetarian diet was associated with /j-hydroxyphenylacetate and a lower 

excretion of trimethyllysine. The age range (25 -  75 y) o f volunteers may have 

contributed to the inter-individual variation but this was not discussed. Boric acid was 

added as a preservative to the 24 hour urine samples causing a split in the NMR signal 

for citric acid but the authors state that this did not influence the pattern recognition 

analysis. The paper provided an informative discussion on each of the metabolites that 

changed following dietary intervention. The authors also emphasised that the gut 

microflora played an important role in the metabolism of particular dietary constituents 

and suggested that much of the variation in the urinary metabolic profiles was attributed 

to human idiosyncrasies in the gut microbial composition.

Bertram et al (44) used a metabolomics investigation in a sample of twenty-four 

8-y old boys. Urine and serum samples were collected at baseline and again following 7- 

days o f a high protein diet intervention, given as either meat or milk. Following the meat 

diet, increases in the urinary excretion of creatine, histidine and urea were observed, 

while the milk diet showed a reduction in hippurate excretion. Some of the spectral 

changes failed to be identified but were listed. Serum did not appear to be influenced by 

the meat diet but showed minor lipid profile changes following the milk diet. The study 

demonstrated that the urinary metabolic profile is more responsive to an acute dietary 

change compared to the fasting serum profile and that metabolomics has the sensitivity to 

discriminate between two different sources of protein intake in a controlled dietary study.
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A recent publication employed a metabolomics approach to assess the correlation 

between metabolic phenotypes and behavioural/psychological dietary preference (41). 

The study selected 22 healthy males from a larger group that completed a questionnaire 

on chocolate eating habits. The selected sample was taken from each end of the score 

range, with one group defined as “chocolate desiring” and the other as “chocolate 

indifferent” . All subjects were provided with a standardised diet during the 5-day cross

over study and on each of the test days subjects were given 50 g of chocolate or an 

isocaloric amount of placebo. Metabolomics analysis of blood and urine showed that the 

consumption of chocolate/placebo had no effect on metabolic phenotype separation but 

discrimination of the baseline samples identified differences between the “chocolate 

desiring” and the “chocolate indifferent” subjects. Higher levels of plasma albumin 

coupled with decreased LDL concentrations were associated with the “chocolate 

desiring” group indicating that both classes o f chocolate preference have a different 

lipoprotein and lipid status even in the absence of dietary stimulation. They suggested 

that urinary profiles also indicated differences between the two classes mainly relating to 

the excretion of microbial-mammalian cometabolites. It was proposed that this indicated 

an effect of long term dietary habits on the imprinting of microbial metabolic activities. 

The urinary metabolites associated with the “chocolate desiring” group were increased 

levels of 3-hydroxyisovalerate, dimethylglycine, phenylacetylglutamine, 4- 

hydroxyphenylacetate, glycine and citrate; and the urinary metabolites associated with 

the “chocolate indifferent” group were isobutyrate, methylsuccinate, acetone, 

acetoacetate, trimethylamine, taurine, trigonelline, carnitine, A^-acetyl-camitine and 2- 

hydroxyhippurate. The authors speculate that these findings suggest that stable metabolic 

imprinting is linked to dietary preference, but they acknowledge that in this case 

chocolate is likely to be only one indicator of a more complex dietary preference 

background. This study provides an insight into the possibilities o f metabolomics 

application in the future of personalised nutrition and dietary assessment.

1.8.2 Animal studies

Metabolomics approaches have also been used in nutritional studies involving 

animal models, where the environmental issues that stem from human diversity are not as 

challenging. Bertram et al (100) used a pig model to elucidate the endogenous effects of 

a wholegrain diet in two identical 7-day cross-over studies. The test diets had similar
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levels o f fibre and macronutrients, with the intervention diet containing wholegrain 

wheat and the control diet containing non-wholegrain wheat. Post-intervention urine and 

plasma samples for each diet were compared using NMR and LC-MS metabolomics. 

The study concluded that the wholegrain diet was associated with increased betaine in 

plasma coupled with increased urinary excretion o f betaine and hippurate and decreased 

creatinine and urea. The authors suggest that the health benefits associated with a 

wholegrain diet may be related to betaine and therefore this finding warrants further 

exploration. This study demonstrates how metabolomics can be instrumental in 

hypothesis generation.

In a similar study, Fardet et al (101) investigated the metabolic effects of a 

wholegrain diet compared to a refined wheat diet by conducting a 2-week cross-over 

intervention in 20 male rats. Metabolic changes were assessed by 'H NMR metabolomics 

analysis of urine, plasma and liver extracts, and by conventional assessment o f fibre 

fermentation, lipid status and oxidative stress. The statistical analysis employed was 

unlike that of other nutritional metabolomics studies, with ANOVA and linear 

discriminant analysis (LDA) used to assess spectral changes. PCA is a more widely used 

technique for data dimensionality reduction but LDA is comparable, in that it is an 

unsupervised method that can identify the factors responsible for variance between 

groups. The effects of the wholegrain intervention were most pronounced in the urinary 

metabolic profiles which showed increases in the excretion of tyrosine, tryptophan, 

hippurate, creatine, citrate, phenylalanine, fumarate and other unidentified compounds. 

These were coupled with decreases in the urinary excretion of pyruvate, TMAO and 

taurine. In addition it was noted that a new metabolic balance was reached within 48 h of 

changing to each diet. Only minor changes were observed in the plasma and liver 

profiles, and it was suggested that this was due to tighter homeostatic control. The 

spectral intensities for some lipids decreased in the liver samples following the whole 

grain diet and an increase in liver reduced glutathione and betaine was observed. This 

correlates with the previously mentioned pig study which showed an increase in plasma 

betaine following whole grain consumption (100).

Gu et al (102) have also used a rat model for a nutritional metabolomics 

investigation. The study employed NMR and MS metabolomics to assess changes in the 

urine o f 4 male rats as they were rotated daily through 3 diets: normal lab diet, a turkey
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cat-food diet and an overnight fast. The study was more focused on identifying the 

urinary metabolites that varied in response to changing diet than on identifying the 

specific metabolites most associated with each diet. Both the NMR and MS techniques 

detected common and unique changes distinguishing the dietary treatments and the 

scores plots for each technique showed clustering of samples according to diet. Both 

techniques detected changes in creatinine and glucose excretion. In addition NMR 

analysis indicated changes in the concentrations of 2-oxoglutarate, TMAO and taurine, 

while MS also identified changes in the concentrations of alloxan, gluconic acid, 

cysteine, 3-hydroxykynureine, y-L-glutamyl-cysteine and camosine. The paper made a 

significant contribution to the literature in that it demonstrated that NMR in combination 

with MS can enhance metabolite identification. The study also demonstrated the effect of 

recent dietary intake on variation in urinary metabolic profiles.

Finally, a recent publication demonstrated the application of metabolomics in the 

analysis of urine samples that were collected over the duration of a life-long study in 

control-fed and diet-restricted dogs (103). The intervention was not designed to 

incorporate metabolomics analysis but the application of the technique was employed as 

a means of a non-targeted approach for exploring the effects of aging and caloric 

restriction and to maximise the capture o f information from the intervention. Urine 

samples were collected at specific time points throughout the life-cycle of the dogs but 

samples from dogs over the age of 10 were excluded from metabolomics analysis due to 

the confounding effects of health problems and drugs. This raises the challenge for the 

use o f metabolomics in nutrition studies in humans where the subject population may be 

on various medications, namely the elderly. A clear and consistent trajectory in the 

urinary metabolic profiles of the dogs was observed over the lifespan with more rapid 

shifts occurring during the growing phases. Aging dominated the metabolic changes but 

subtle effects o f diet-restriction were also observed. Changes in creatinine and mixed 

glycoproteins reflected growth patterns while metabolites such as creatine, 1- 

methylnicotinamide, lactate, acetate and succinate were reduced in the urine of diet- 

restricted dogs. The authors speculated that much of the variation in these metabolites 

reflected the effects o f aging and diet restriction on changes in the gut microflora over the 

lifetime of the dogs. The stability of the samples as they were stored at -  20 °C over the 

length of the study was not discussed and this may have contributed to some of the 

changes in the samples over time. The study made an important contribution to research

33



on aging and diet restriction as it highlighted some subtle physiological changes and in 

addition that the gut microflora may play a role in the relationship between longevity and 

diet.

This review has given an up to date synopsis o f the publications in nutritional 

science that have incorporated metabolomics as an explorative research tool. So far, the 

studies have been small scale and most have cited inter-individual variation as a major 

contributor to data variation, which poses a challenge in data interpretation. However, in 

this rapidly expanding area, there is no doubt that improvements in study design, data 

handling and compound identification will produce a flood of interesting findings in the 

field o f nutritional metabolomics. The discipline is in an early phase with many 

developments in progress, but these studies have set a useful foundation for the 

consultation of future research.
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Table 1.1 Metabolomics in dietary intervention studies

Authors Population
studied

Biological
samples

Investigation Analytical
platforms

Statistical
Analysis

M etabolite changes

Solanky et al 
2003 (39)

Premenopausal 
women (N = 5)

Plasma An investigation o f  the effects 
o f  a one-month isoflavone rich 
diet on plasma metabolic 
profiles.

^H NM R PCA
OSC PCA 
OSC PLS-DA 
(centered data)

Alterations in plasm a lipoproteins, amino 
acids and carbohydrate.

Lenz et al 
2004(104)

British subjects (N 
= 120)
British and 
Swedish subjects 
(N = 30)

First void 
urine

An investigation o f  the 
feasibility o f  metabolomics as 
a tool in clinical studies when 
conducted in different 
countries without dietary 
restriction.

' h  NMR PCA
(centered data)

Differences between the two populations were 
observed which may be attributable to diet 
such as a higher hippurate and 
trimethylamine-A'-oxide (TM AO) excretion in 
the Swedish population. One subject 
following the A tkin’s diet had an unusually 
high taurine excretion.

Solanky et al 
2005 (33)

Premenopausal 
women (N = 5)

24 h urine An investigation o f  the 
metabolic effects o f  
conjugated and unconjugated 
isoflavone rich diets.

' h  NMR PCA
OSC PCA 
(centered data)

Following the intervention there were 
increases in urinary TM AO, m ethylam ine and 
creatine, and decreases in hippurate and 
creatinine.

Wang et al 
2005 (34)

Male and female 
subjects (N = 14)

Spot urine 
samples 
(collected 
between 11.30 
and 11.50 am)

An investigation o f  the effects 
o f  the consumption o f 
chamomile tea for two-weeks 
on urinary metabolic profiles.

'H NMR PCA
OSC PCA 
OSC PLS

Increased excretion o f  hippurate and glycine. 
Decreased excretion o f  creatinine

Bertram et al 
2006(100)

Male pigs (N = 4) Plasma 
3-day urine 
(collected by 
catheter)

Two identical studies that 
com pared the metabolic 
effects o f  a 7-day crossover 
study on a wholegrain and 
non-wholegrain diet.

'H  NMR 
LC-MS

PCA 
PLS-DA 
(centered data)

Increases in plasm a betaine and the urinary 
excretion o f  betaine and creatinine were 
observed following the wholegrain diet.

Bijisma et al 
2006 (98)

Obese and lean 
subjects (N = 150)

P lasm a-  
fasting and 
after a high fat 
meal

Exploration o f  data pre
processing and validation 
techniques for large scale 
human studies

LC-MS PLS-DA 
PLS-UVE 
(centered 
/autoscaled data)

Significant differences were observed between 
obese and lean subjects but the biomarkers 
were not identified. The follow up study has 
not yet been published.

Dorsten et al 
2006 (35)

Male subjects (N = 
17)

Plasma 
24 h urine

Randomised 2-day cross-over 
study o f  the effects o f  green 
tea, black tea and caffeine on 
metabolic profiles

' h n m r PCA 
PLS-DA 
ANOVA 
(Par scaled

Green tea and black tea induced an increase in 
hippuric acid and l,3-dihydroxyphenyl-2-0- 
sulphate excretion. Green tea caused a 
stronger increase in the excretion o f  citric acid



centered data) cycle intermediates.
Stella et al 
2006 (99)

Male subjects (N = 
12)

24 h urine Randomised 15-day cross
over study o f  the effects o f  a 
high meat, low meat and 
vegetarian diet on metabolic 
profiles.

' h n m r PCA
O-PLS-DA

Meat consum ption was associated with an 
elevated excretion o f  creatine, carnitine, 
acetyi-carnitine and TM AO, and the 
vegetarian diet was associated with the 
excretion ofp-hydroxyphenylacetate.

Walsh et al 
2006(105)

Male and female 
subjects (N=30)

Plasma
Saliva
First and last 
void urine

The effect o f  dietary 
standardisation on the day 
before sample collection was 
assessed for each biofluid.

' h  NM R PCA 
PLS-DA 
(Par scaled 
centered data)

Dietary standardisation reduced variation in 
urinary profiles but not plasm a or saliva. 
Urinary creatinine excretion was significantly 
higher in the m orning samples.

W ang et al 
2006 (103)

Control fed and 
caloric restricted 
dogs (N = 48)

Fasting urine 
(collected by 
catheter)

An investigation o f  aging and 
caloric restriction on the 
metabolic profiles o f  dogs 
across their lifespan.

' h  NMR O-PLS-DA 
(Unit variance 
scaled data)

Creatinine excretion increased until 5-9 y and 
then declined. Calorie restricted dogs had a 
lower excretion o f  creatine, 1 - 
m ethylnicotinam ide, lactate, acetate and 
succinate. Arom atic m etabolites and alphatic 
am ine com pounds changed throughout the 
lifespan reflecting alterations o f  gut flora.

Bertram et al 
2007 (44)

8-y old boys (N = 
24)

Serum 
24 h urine

Subjects consumed 53 g 
protein for 7 days either as 
milk or meat protein and 
biofluids were assessed for 
metabolic changes.

' H N M R PCA 
PLS-DA 
(centered data)

Urinary excretion o f  hippurate decreased 
following the milk diet while creatine, 
histidine and urea increased following the 
meat diet. The meat diet showed no effect on 
the serum profile but the milk diet showed 
m inor increases in serum lipids.

Fardet et al 
2007(101)

Male rats (N = 20) Plasma
Urine
Liver extract

Randomised 2-week cross
over study com paring the 
effects o f  a wholegrain and 
refined wheat diet.

‘h  NMR ANOVA
LDA

A new metabolic balance was reached within 
48 h o f  changing diet. Urinary excretion o f  
citrate, fumarate, tyrosine, tryptophan, 
phenylalanine, creatine and hippurate were 
increased on the wholegrain diet. Effects on 
plasma and liver were not as strong. Plasm a 
lysine increased and some lipid signals 
became less intense in the liver extracts.

Gu et al 2007 
(102)

Male rats (N = 4) Urine An investigation o f  the effects 
o f  24 h diet regimens o f 
overnight fast, normal diet and 
turkey diet on urinary profiles.

' h n m r

Extractive
electrospray
ionisation-MS

PCA
M ultivariate
ANOVA

Both platform s gave sim ilar results. 
Concentrations o f  alloxan and 3- 
hydroxykynurenine were higher an f gluconic 
acid was lower for rats on the turkey diet 
com pared to the other two diets.

Rezzi et al Male subjects (N = Plasma Double cross-over study ' h n m r PCA Differentiation between the groups was



2 0 0 7 (4 1 ) 75) U rine com paring  the m etabolic 
pro files o f  chocola te  desiring  
and choco la te  indifferent 
individuals fo llow ing  placebo 
o r chocola te  consum ption.

O -PL S-D A associa ted  w ith ra ised  p lasm a fatty  acyl 
species in lipopro teins and a decreased  level 
o f  a lbum in  in the choco la te  ind ifferen t group. 
In urine, the choco la te  desiring  group  had 
h igher levels o f  3 -hyd roxy isovalera te , 
d im ethy lg lycine , g lycine  and c itrate , w hile the 
choco la te  ind ifferen t g roup  had h igher levels 
o flsobu ty ra te , m ethy lsuccinate , acetone, 
ace toaceta te , trim ethy lam ine , taurine, 
trigonelline , carn itine  and A '-acetyl-carnitine.

W alsh et al 
2007 (106)

M ale and fem ale 
sub jects (N = 21)

U rine A com parison  o f  urinary 
m etabolic  p rofiles fo llow ing 
su b jec ts’ norm al diet, a  2 -day 
low -phytochem ical d iet and a 
2 -day  standard  phytochem ical 
diet.

'H  N M R  
LC-M S

PCA
PLS-D A
CIA

C reatin ine  and m ethy lh istid ine  excre tion  w ere 
associa ted  w ith the low - phy tochem ical diet 
and h ippurate  excre tion  w as associa ted  w ith 
the norm al and standard  phy tochem ical diets.

Jacobs et al 
2007  (49)

M ale and fem ale 
sub jects (N = 53)

Faeces D ouble-b lind , p lacebo- 
con tro lled , random ised  cross
over study o f  3 treatm ents: 
p lacebo , g rape ju ic e  ex tract 
and a m ix o f  w ine ex trac t and 
g rape extract.

'H  N M R PCA 
PLS-D A  
(N o scaling . Par 
scaled  and unit 
variance scaled  
data)

T he study  iden tified  large varia tion  in the 
concen tra tion  but no t com position  o f  the 
excreted  faecal m etabo lites and it also  
reported  a decrease  in isobutyrate  fo llow ing  
the consum ption  o f  the g rape  and w ine ex trac t 
m ixture. It w as concluded  that po lypheno ls 
m ay be ab le  to m odulate  the eco logy  o f  the 
gut.

DA; Partial least-squares discriminant analysis, OSC; Orthogonal signal correction, PLS: Projection to latent structures, 0-PL S-D A : Orthogonal 
projection to latent structures discriminant analysis, PLS-UVE: Partial least-squares uninformative variable elimination, ANOVA: Analysis o f  
variance, LDA: Linear discriminant analysis, CIA: Co-inertia analysis.



1.9 Variation in metabolic profiles -  a challenge for nutrition 

research

In any experiment, standardisation o f methods is a valuable practice for minimising 

data variation. Variation in data can often make elucidation of the experimental effects 

more difficult and sources of variation can result from factors occurring at different stages 

o f the experimental process. These include diversity among the selected sample 

population, uniformity o f sample treatment and consistency in sample handling and 

analysis. Standard operating procedures can be drawn up to overcome variation in sample 

handling and processing techniques, but variation that occurs naturally in the original 

samples is more difficult to decipher and control. Understanding the effects o f normal 

physiological variation on various mammalian biofluids is an important mission for all 

disciplines that embrace metabolomics, as this will determine the stringency needed for the 

study design.

In a metabolomics study the objective is usually to detect changes or differences 

between groups of samples. To have confidence in the interpretation of these metabolic 

deviations, it is necessary to first know the boundaries o f normal fluctuations in 

metabolites and to understand what factors cause particular changes in metabolite 

concentrations. The differences between the urinary profiles of different animal strains 

have previously been reported and showed a more extensive variation among humans 

compared to laboratory rodents (107). Considering the diversity in human lifestyles, it is 

not surprising that the metabolic profiles have a greater degree of physiological variation 

compared to animals housed in the same envirormient consuming the same diet. In the 

same review paper. Bollard et al evaluated the effects o f various intrinsic and extrinsic 

factors on the biochemical composition o f rodent urine. Factors such as genetic strain, 

gender, age, hormones, circadian rhythms, diet, hydration, climate, stress and gut 

microflora were all reported to impact the urinary profiles o f rodents (107).

Differences in the genetic strain o f rats have been shown to influence their ability to 

metabolise xenobiotic compounds (108-109). Differences in ethnicity or polymorphisms in 

humans relating to their metabolic idiosyncrasies may likewise be reflected in their 

biofluid metabolic profiles. It will be important to consider these factors in the planning of 

human intervention studies. The effects o f gender on human metabolic profiles have been 

reported previously and include a higher creatinine excretion in males and higher citrate
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excretion in females (40, 96-97). The higher creatinine excretion in males is most likely to 

be related to a higher muscle mass as creatinine excretion from muscle is approximately 1 

g/20 g o f muscle (110). The excretion of citrate has been shown to correlate with 

circulating oestrogen levels (111).

A life-long study in dogs found changes in urinary metabolic profiles throughout 

the life span, which were related to aging (103). Human studies have reported similar 

effects from aging, mainly relating to creatinine excretion, which is a reflection of an age- 

related decline in muscle mass (40, 96-97). The effects o f hormones on urinary metabolic 

profiles have been investigated in rats and noted changes in the excretion of citrate, 2- 

oxoglutarate and taurine during the different stages of the oestrus cycle (112). Other 

intrinsic factors such as body composition, metabolic rate, diurnal cycles and health status 

warrant investigation.

The influence of extrinsic factors are particularly important in human studies as 

dietary intake, drug use, physical activity and psychological stress are more difficult to 

control and to categorise, in terms of the homogeneity in volunteer selection. Physical 

activity has been shown to exert an effect on 'H  NMR urinary (113) and serum (45) 

profiles. Holmes et al found that urine samples collected post exercise had higher 

concentrations of lactate compared to pre-exercise samples (113). Pohjanen et al found 

post-exercise changes in 34 serum metabolites, of which only glycerol and asparagine were 

identified (45).

Diversity in dietary intake is extensive among humans and food is the main route 

for the entry of new compounds to the human body. Food is a source of both nutrients and 

non-nutrients, and the non-nutrients include both man-made chemicals and plant 

metabolites, known as phytochemicals (30). A recent example is the identification of more 

than 50 metabolites in a lettuce leaf extract (114) and many thousands of other compounds 

exist in the range of foods available to man. As these compounds are metabolised and 

excreted, it is likely that they will have some influence on metabolic profiles. Therefore, it 

will be important to investigate their effect, if  normal variation in metabolic profiles is to 

be understood. The gut microflora have been reported to influence metabolism and 

therefore it is likely that this will also exert an effect on variation in metabolic profiles 

(115). The gut microflora are discussed in more depth in the following section (1.10).
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Once control or baseline profiles for a particular bio sample have been established, 

taking into consideration all of the normal variations that may be occurring, further 

consistent changes resulting from an experimental input may be identified more clearly. 

An understanding o f the normal fluctuations in metabolic profiles will be particularly vital 

in the field of nutritional metabolomics, because unlike toxicology studies where specific 

compounds will be investigated, the effects o f dietary intervention may be more disperse 

and less profound, as food contains an abundance of low potency compounds. Therefore, 

elucidation of subtle dietary effects may be more difficult to differentiate from background 

variation. Data filtering methods can be used to eliminate some of the effects of baseline 

data variation (116), but an understanding o f the causes of variation will still be crucial for 

study planning and accurate data interpretation.

The Metabolomics society, incorporating the Metabolomics Standards Iniative and 

the Standard Metabolic Reporting Structure are working together to produce guidelines for 

commonality in metabolomics experiments and these have been published in a special 

edition of Metabolomics (117). Bino et al (118) proposed the Minimum Information about 

a Metabolomics Experiment (MIAMET) as a guideline for the information that should be 

reported with each study in order to facilitate the exchange and integration of 

metabolomics information. Nutrition research can contribute to these structures by 

investigating the effects of dietary variation on biofluid profiles.

1.10 The microbiome -  a partner to the metabolome?

Bacterial colonisation of the sterile foetal gut begins immediately following birth. It 

is influenced by the method of delivery and throughout life by environmental encounters 

such as diet, hygiene, infection and medication (119). Ubiquitous by nature, microflora are 

found on the skin, the airways, the urogenetial and gastrointestinal tract, but the majority of 

microflora reside in the large intestine, which contains approximately lO'^ - 10'‘* bacteria 

(120) and contributes to 60 % of faecal mass (121). Humans contain 10 times more 

microbial cells than human cells and an estimated 100 times more microbial genes (122). 

This entourage of microflora within the host are referred to as the microbiome (115). The 

composition of gut microflora reflects a complex ecosystem, which promotes a mutual or 

symbiotic relationship for optimal function of both the host and the microbiome. The early 

colonising bacteria can influence gene expression in the host and they have co-evolved to
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optimise their environment and prevent growth of certain bacteria which are introduced 

later (123). The microbiome has a metabolic activity equal to a virtual organ within an 

organ (124).

Although much has yet to be discovered regarding a substantial fraction of the 

microbiome, there has been considerable research on their role in health and disease (47). 

The microbiome interacts with host metabolism, making an important contribution to 

immune defence, intestinal microvilli formation, digestive enzyme activity and energy 

acquisition from food (115). In terms of their metabolic function, the colonic microflora 

are essential for the generation of short-chain fatty acids such as acetate, propionate and 

butyrate through the fermentation of non-digestible carbohydrates (47). These short-chain 

fatty acids act as energy substrates for the colonocytes and facilitate other physiological 

functions such as ion absorption. (125).

Considering these integrated relationships between the human host and its 

microbiome, it is fitting that humans have been referred to as “superorganisms” (126) and 

“human-microbe hybrids” (127). Therefore, when assessing health and metabolism, it is 

clear that contributions from the microbiome should not be ignored. Nicholls et al (128) 

assessed changes in the urinary profiles of germ-free rats following a 21 day 

acclimatisation period to a normal environment. During the acclimatisation period there 

were episodes of glycosuria, changes in TCA cycle intermediates and increases in 

hippurate and trimethylamine N-oxide excretion, suggesting that the microbiome has a 

marked influence on the urinary profiles of rats. In another study, germ-free mice were 

colonised by either human baby flora or normal mouse flora (56). Changes in the 

metabolic profiles o f urine, plasma, intact liver tissue and ileal flush in the mice indicated 

that gut microflora modulate the host’s lipid metabolism. A recent study by the same group 

demonstrated a systems biology view of the host response to probiotic intervention in a 

humanised microbiome mouse model (129). The study noted changes in the metabolic 

profiles of liver, plasma, urine and faeces in response to two different probiotic 

supplements. It is likely that modulating the human microbiome would also exert an effect 

on human biofluid metabolic profiles, although to date no data has been published.

In the study of nutritional metabolomics, it will be important to attain an 

understanding o f diet-microbiome interactions in order to strengthen the ability to interpret 

changes in metabolic profiles following a dietary intervention. Several metabolomics
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studies in humans have indicated an influence o f the gut microflora on the post 

inter\'ention urinary metabolic profiles (34-35, 49). Dietary polyphenols are among the 

food components that are known to interact with gut microbial metabolism (130). Not 

broken down by host digestion, they are metabolised to simple phenolics by the enzymes 

o f the colonic microflora (131). The bioavailability o f chlorogenic acid, which is the most 

abundant hydroxycirmamic acid in food, relies largely on its metabolism by the gut 

microflora (132). Recovery of the parent compound in urine is low and phenylpropionic, 

benzoic and hippuric acids are the main resulting metabolites in plasma and urine. Plasma 

phenylpropionic and benzoic acids are metabolised in the liver and excreted mainly as 

hippuric acid in urine. Consumption o f polyphenol rich foods (131) and drinks such as 

black tea, green tea (35, 133), and chamomile tea (34) have all been associated with an 

increased excretion of urinary hippuric acid. Jacobs et al (49) used an NMR profiling 

approach to assess the effects o f a placebo-controlled, randomized cross-over polyphenol 

intervention on fecal composition. Data variablitity was reported to result from variable 

metabolite concentrations rather than from variable metabolite compositions and it was 

suggested that different colonic flora share general biochemical characteristics, 

metabolising different substrates to specific metabolic patterns. In addition, the findings 

indicated that polyphenols may be able to modulate the microbial ecology o f the gut. Care 

should be taken when interpreting data from nutritional metabolomics studies as diversity 

in gut microbiomes, varied diets and interactions between the two may make elucidating 

true intervention effects more difficult. To reduce the extent o f data variation in these 

studies it may prove necessary to standardise the intakes of some foods such as those that 

are rich in phenolic compounds.

Progress in the field of systems biology will inevitably include efforts to understand 

how the microbiome and its host have evolved together, how environmental conditions 

affect it and what impact this has on human health. Any alterations in this symbiotic 

ecosystem are likely to be manifested in the metabolite profiles of biofluid samples and 

therefore these questions remain a central challenge for metabolomics.
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1.11 Conclusion

Given the vast application of metabolomics and its potential in areas such as global 

metabolic assessment, biomarker discovery, product development and in disease screening 

and diagnostics, it is inevitable that more researchers will want to adopt these techniques. 

To improve data comparability and facilitate data sharing so that reliable databases of 

metabolites can be assembled, it will be essential that researches follow standard operating 

procedures. Efforts are already in place to achieve this (117), but the nutrition community 

must take responsibility for exploring the application of metabolomics within nutrition 

science, by optimising technical and statistical procedures for nutrition research. In 

nutrition science, it will be important to explore which biofluids provide the most useful 

information regarding nutritional status, to define the boundaries o f normal variation and to 

understand the acute and chronic effects of diet on metabolic profiles. The preliminary 

steps will require pilot studies to explore methodologies and to characterise biofluid 

metabolic profiles from groups o f individuals.

1.12 Aims and Objectives

The aim of this thesis was to explore the application of metabolomics in human 

nutrition research. Chapter two set out to produce guidelines for sample collection, by 

assessing the effects of different collection and processing techniques in the preparation of 

urine and blood in metabolomics studies. The objective o f chapter three was to investigate 

the extent o f intra- and inter-individual variation on the metabolic profiles of urine, plasma 

and saliva, and to ascertain the impact of acute dietary intake on this variation. Chapter 

four further explored the effects of acute dietary intake by assessing the influence of 

dietary phytochemicals on urinary metabolic profiles. In addition the combination of 'H 

NMR and MS data using the novel application o f co-inertia analysis was explored. Finally, 

chapter five explored the application of metabolomics techniques in a dietary intervention 

study. The aim of this study was to assess the effects of a 12-week dietary fat intervention 

on the urinary and plasma metabolic profiles of individuals with the metabolic syndrome. 

The overall aim of this research is to contribute to the development of metabolomics in the 

field of nutrition research by providing information that will facilitate future studies.
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1.13 Personal contribution to this thesis

The work presented in this thesis was generated from three separate studies. Two of 

the studies were solely my own research with supervision from Prof Mike Gibney and Dr. 

Lorraine Brennan of University College Dublin. The third study was part of a multi-centre 

collaboration that I also worked on. The first study involved the collection o f urine, blood 

and saliva from 30 volunteers. This data is presented in chapters 2 and 3, and data from the 

second study, which involved the collection of urine from 21 volunteers, is presented in 

chapters 2 and 4. In these studies I was responsible for volunteer recruitment, sample 

collection and preparation, dietary manipulation o f the volunteers, nutrient analysis using 

WISP® (Weighed Intake Software Program; Tinuviel Software, Anglesey, UK) and SPSS 

for WINDOWS, metabolomics data analysis using Simca-P+ software (version 10.0; 

Umetrics, Umea, Sweden) and manuscript writing. Dr. Lorraine Brennan took 

responsibility for the 'H NMR analysis and data pre-processing of all samples. Our 

collaborator Dr. Estelle Pujos-Guillot o f the Institute National de la Recherche 

Agronomique, France was responsible for the MS analysis o f urine samples in chapter 4. In 

addition. Dr. Ailis Fagan of University College Dublin was responsible for the co-inertia 

analysis applied to NMR and MS data in chapter 4.

In chapter 5, I present data from a study which was carried out on a sub-set of 

samples from an EU sixth Framework Programme integrated project called LIPGENE. 

This human intervention involved 8 centres located around Europe and therefore many 

people were involved in data generation. I was responsible for carrying out intravenous 

glucose tolerance tests and for collecting metabolomics samples from subjects in the 

Dublin cohort. Again, Dr. Lorraine Brerman took responsibility for the 'H NMR analysis 

and data pre-processing of all samples. I then completed MVDA on the metabolomics data 

and wrote the manuscript.

In addition, I contributed to the construction of the NuGO wiki 

(www.nugowiki.org), which is an open source website providing a library o f small 

molecules for use in human nutritional metabolomics. My contribution was the creation of 

a web page, which is an information resource on the metabolite A^-benzoylglycine 

(commonly known as hippuric acid). This compound featured frequently in my own 

analysis and therefore it was an appropriate contribution to make to the wiki.
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2.1 Abstract

Background: In nutrition research metabolomics is used to detect differences or changes 

in metabolic profiles, such as between cases and controls or pre and post treatment. This 

approach is untargeted and has the potential to unveil new biomarker information, but it 

is crucial that the origin o f metabolic profile changes can be identified. Disparity in 

sample collection, storage and analysis methods can increase variation between 

biological samples making it more difficult to extract the true information from data and 

identify any legitimate changes.

Objective: The current study endeavoured to compare the effects of varying sample 

collection methods on the stability of urinary and plasma metabolic profiles.

Design: Samples of urine and fasting blood were collected from healthy male and female 

subjects under varying conditions. Urine samples were collected either chilled or un

chilled prior to processing. Samples of first and second void urine were collected 

following the subjects’ normal diet, a low-phytochemical diet or a standard 

phytochemical diet. Plasma metabolic profiles were compared to serum profiles. Samples 

were analyzed using 'H nuclear magnetic resonance spectroscopy ('H  NMR), followed 

by multivariate data analysis (MVDA).

Results: Inspection of the 'H  NMR spectra from the chilled and un-chilled urine samples 

indicated that the un-chilled samples contained peaks corresponding to ethanol, 

suggesting bacterial fermentation in the time frame from sample collection to processing. 

Inter-individual variation in urine was greater than variation between the first and second 

void samples. The metabolic profiles for the first and second void profiles were 

consistent for dietary effects showing a lower excretion of hippurate following the low- 

phytochemical diet, but MVDA showed that the metabolic profiles o f both voids were 

not exactly matched. The severity of outlying samples was greater for second void urine 

and the variation among samples was greater with a coefficient o f variation value o f 35 

% compared to 25 % for first void samples. No major differences were observed between 

the serum and plasma 'H NMR metabolic profiles.

Conclusions: Adherence to protocols and consistency in techniques may decrease 

variation and thus reduce errors in the interpretation o f results in metabolomics studies. 

To ensure robust and comparable metabolomics data, further developments are needed to 

produce standard operating procedures that can be adopted by research groups in multi

centre collaborations.
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2.2 Introduction

Metabolite assessment o f biological samples provides a valuable insight into the 

activity and condition of biological systems. Metabolic pathways do not act in isolation 

and are intricately interconnected, which makes metabolomics the ideal approach for 

holistic inspection o f the metabolome. One of the main applications of metabolomics is 

the detection o f differences between metabolic profiles, such as between cases and 

controls or pre and post treatment. This unfocused approach has the potential to unveil 

new biomarker information and is hypothesis generating but it is crucial that the origin of 

metabolic profile changes can be identified. Disparity in sample collection, storage and 

analysis methods can increase variation between biological samples making it more 

difficult to extract the true information from data and identify any genuine changes. This 

is especially relevant for clinical studies in humans, where discrepancies in volunteer 

compliance and technical practices can occur, increasing the variation among samples. 

The adoption of metabolomics is expanding within a range of scientific disciplines yet 

one important issue for its successful implementation will be the generation o f optimal 

sample collection and processing protocols, particularly in clinical studies. Therefore it is 

important to understand the factors that contribute to variation in metabolic profiles so 

that efforts can be made to control these effects, resulting in improved accuracy and 

precision.

The Standard Metabolic Reporting Structures working group proposed a 

summary set o f draft recommendations for metabolomics studies and indicated a need for 

further guidelines on sample collection and handling protocols (1). Urine and blood are 

the most popular biofluids for metabolomics analysis because they are both rich in 

metabolic information while being relatively non-invasive and easy to collect. The 

effects o f preparation and storage techniques on urinary metabolic profiles have 

previously been assessed (2-3). These studies have indicated that bacterial contamination 

is one o f the main causes of divergence from original urinary sample composition. The 

pH of normal human urine samples varies within the range of 5.5 - 6.5. Differences in 

urinary concentration and pH cause variation in the 'H nuclear magnetic resonance 

(NMR) spectroscopy chemical shift exhibited by a particular metabolite. Therefore this 

leads to inconsistency in the exact position of spectral peaks for a given compound and 

causes problems for data interpretation. Most metabolomics studies add buffer to urine
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samples to achieve a constant pH and to minimise the effects of variation in ionic 

strength. Lauridsen et al have reported that the optimal final buffer concentration for 

normal human urine is 0.3 M and should be increased to 1 M for very concentrated 

urines (2). The addition of preservatives to urine samples is also practiced in 

metabolomics studies, but predominantly for the collection of animal urine as the risk of 

bacterial contamination is greater. The addition o f preservative has been shown to be 

necessary for samples stored at 4 °C, but storage of non-frozen urine beyond 1 week is 

not recommended (2). The same study showed that no preservative is necessary for 

samples that are stored at or below -  25 °C and lowering the storage temperature to -  80 

°C does not provide additional benefit. In addition freeze-drying and sample 

reconstitution were not recommended. A separate investigation of optimal preparation 

methods concluded that the preserx^ative sodium azide should be added to all urine 

samples, they should be stored at -  80 °C and freeze-thaw cycles should be avoided to 

ensure maintenance o f metabolite composition throughout collection and processing (3).

Serum and heparinised plasma samples are considered equivalent for most assays 

but in certain cases, the release of molecules from erythrocytes, leukocytes or platelets, 

during clotting can cause discrepancy in analyte assessment between the two sample 

types (4). Platelet rupture during clotting releases components such as potassium, lactate 

dehydrogenase and vascular endothelial growth factor into serum, giving it a higher 

concentration for these and other analytes compared to plasma (4). Formation of the 

fibrin clot during coagulation, results in the loss o f some proteins from serum particularly 

fibrinogen, which makes plasma concentrations higher (5). Sample handling, including 

the choice of tube, centrifuge speed, and storage and processing conditions can 

potentially affect the data. The preparation o f blood serum and plasma samples for 

metabolomics has been investigated (6). The main source of variation among blood 

samples was caused by differences between individuals. The metabolic profiles were 

found to be generally robust to the effects of sampling protocol but serum-clot contact 

time, the presence/absence of heparin, clotting over ice, storage at room temperature for 

extended periods and freeze-thaw cycling all showed potential to introduce systematic 

variation into the data (6).

In human nutritional metabolomics studies, diversity in dietary intake has been 

reported to influence variation in biofluid data (7-11) and can even be the root of
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outlying samples (12-13). Dietary standardisation during the 24 hours prior to sample 

collection has been shown to reduce variation in first void urine samples but no effect 

was observed in fasting plasma or salivary profiles (13). Urine samples cannot always be 

collected on demand and often it is unavoidable that time will elapse between sample 

collection and lab processing. This time elapse may result in samples being subjected to 

temperature changes and bacterial contamination. With the aim o f advancing guidelines 

for sample collection and study design protocols, the current study endeavoured to 

compare the metabolic profile effects of; immediate versus delayed chilling of urine 

samples, collection o f first versus second void urine samples and collection of plasma 

versus serum.

2.3 Methods

2,3.1 Study design

Ethical approval was received from the Faculty o f Health Sciences Ethics Committee, at 

Trinity College, Dublin. Healthy, free-living subjects were recruited from the Dublin 

metropolitan area and each participant provided informed written consent. Exclusion 

criteria were a body mass index <18.5 or >30.0 kg/m , being <18 or >35 years old, use of 

prescribed medication (oral contraceptive use was permitted) and having a urinary tract 

infection within 1 month of commencing the study. Blood and urine samples were 

collected from two separate cohorts, blood from cohort A and urine from cohort B. To 

assess the comparability o f plasma and serum, fasting blood samples were collected from 

cohort A (7 males, 23 females) at a single laboratory visit to the Trinity Centre for Health 

Sciences at St. James’s Hospital, Dublin. A standard diet with equal energy, 

macronutrient and micronutrient content, was provided to all volunteers for consumption 

on the day prior to sample collection in order to reduce the effects of inter-individual 

variation.

To assess the comparability of first and second void urine, mid-flow samples were 

collected from cohort B (9 males, 12 females) on 3 separate mornings: 1) following their 

normal diet (ND), 2) following a 2-day low phytochemical diet (LPD) and 3) following a 

2-day standard phytochemical diet (SPD). This design ensured that if  any response was 

induced by acute dietary intake then both first and second void urines could be assessed
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for the same metaboUc profile changes. There were no significant differences in energy 

or macronutrient content between the three diets. For the LPD the subjects were provided 

with a list o f  allowed and forbidden foods so that the intake o f  phytochemicals could be 

avoided. There were no restrictions on the quantities o f  food eaten. For the SPD, the 

standard source o f phytochemicals was 4 x 100 ml apple, carrot and strawberry drinks 

(Knorr Vie, produced by Unilever).

In addition, to investigate the effects o f  collection and storage temperature on sample 

analysis, a duplicate first void urine sample was collected on the final day o f  sample 

collection. It was brought to the centre un-chilled and stored at room temperature for 3 

hours before processing.

2.3.2 Blood collection (cohort A)

On arrival at the laboratory, 7 ml samples o f both plasma and serum were collected in 

lithium heparin and serum tubes. Adherence to the standard diet was clarified. Samples 

were centrifuged immediately at 2500 x g for 10 min at 4°C and aliquots (500 }il) o f the 

supernatants were then stored at -20°C until 'H  NMR analysis.

2.3.3 Urine collection (cohort B)

First and second void mid-flow urine samples were collected on the mornings following 

each o f the dietary treatments. Volunteers were given insulated ice-packs in which they 

were asked to store the samples immediately (except the duplicate sample) until they 

were received by the study investigator. On arrival at the laboratory, the samples were 

centrifuged at 2500 x g for 10 min at 4 °C to remove any solid debris. The duplicate 

samples were stored at room temperature for 3 hours prior to centrifuging. Aliquots (500 

|j,l) o f all the urine supernatants were then stored at -80 °C until 'H  NM R analysis. 

Adherence to the dietary restrictions was checked at each sample collection.

2.3.4 NMR spectroscopy

Plasma and serum were prepared by addition o f TSP (sodium trimethylsilyl [2,2,3,3- H4] 

proprionate) and 10% D 2 O to the 500 |ul samples. Spectra were acquired using a Carr-
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Purcell-Meiboom-Gill (CPMG) pulse sequence with 32 k data points and 64 scans on a 

500 kHz DRX NMR spectrometer (Bruker Biospin, Karlsruhe, Germany).

Urine was prepared by addition of 180 |il o f phosphate buffer (0.2M KH2 PO4 , 0.8M 

KH2 PO4 , pH 7.4), TSP and 10% D2 O to each 350 )j,l sample. NMR spectra were acquired 

at 298 K using a noesypresat pulse sequence. Spectra were acquired with 32 k data points 

and 128 scans over a spectral width o f 8  kHz. For both the blood and urine datasets, 

water suppression was achieved during the relaxation delay (2.5 s) and the mixing time 

(100 ms). All spectra were referenced to TSP at 0.0 ppm and processed manually with 

the Bruker software using suitable weighting functions and were baseline corrected. The 

spectra were then reduced by integrating into bins across spectral regions o f 0.04 ppm, 

using AMIX (Bruker Biospin, Karlsruhe, Germany). The water region (4-6 ppm) was 

excluded and the data was normalised to the sum of the spectral integral.

2.3.5 Statistical Analysis of *H NMR data

The 'H  NMR data were imported to SIMCA-P+ (version 10.0, Umetrics, Umea, 

Sweden), mean centred and Pareto scaled (1/VSD). Principal component analysis (PCA), 

an unsupervised multivariate statistical tool was then applied to each data set ( 1 , plasma 

and serum; 2, first and second void urine; 3, chilled and un-chilled urine) as the initial 

step of data analysis. The PCA scores and loadings plots, which represent the individual 

samples and NMR spectral regions respectively, were inspected for any outlying samples 

or data trends. In addition, the first and second void urine data were assessed 

independently to check if  any trends resulting from diet were reflected in both urinary 

voids.

Partial least squares discriminant analysis (PLS-DA) was then applied to each o f the 3 

datasets to fiirther investigate any differences between the sample groups. The PLS-DA 

models that could be constructed automatically were cross-validated. This was done by 

randomly removing each third o f the data to be used as a test dataset and a training 

dataset was constructed with the remaining two thirds. The class of each sample in the 

test dataset was then predicted based on the model built from the training set. The quality 

o f all models was judged by the goodness-of-fit parameter (R^) and the predictive ability 

parameter (Q ), which is calculated by a seven-fold internal cross-validation o f the data.
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To compare the extent of variation in the data between each of the sample groups the 

coefficient of variation (CV) for each 'H  NMR spectral region in the information rich 

area o f the spectrum (0.5-4.0 ppm) was calculated and the mean CV values for each 

group are reported.

2.4 Results

The demographic characteristics of cohort A and B (mean ± SD) are shown in table 2.1.

2.4.1 Comparison of serum and plasma from healthy volunteers

The PC A scores plot of the 'H  NMR plasma and serum data is shown in figure 2.1. This 

plot displays the first two principal components and accounts for 84% of the variation in 

the data. Both the plasma and serum metabolic profiles for subject 33 were positioned 

beyond the Hotelling’s T 95% confidence ellipse and were subsequently identified as 

outlying samples. Consultation of the corresponding loadings plot and inspection o f the 

'H  NMR data revealed that the spectra for subject 33 had very large lipid peaks. Overall, 

the plasma and serum profiles for each individual portrayed a very similar pattern and 

were positioned in close proximity on the PCA scores plot. The samples from the 7 male 

subjects were positioned in the lower half of the plot suggesting that gender may have 

influenced the direction of the second component. The outlying samples from subject 33 

were subsequently removed from the dataset with the intention of constructing a PLS-DA 

model, but no model was automatically computed. This indicated that there were no 

major differences between the plasma and serum profiles. The CV values were 32 % and 

31 % for plasma and serum respectively, indicating that variation within the two datasets 

was similar.

2.4.2 Comparison of first and second void urines from healthy volunteers

A PCA model of the first and second void urine samples on the day following the 

subjects’ normal diet is shown in figure 2.2 (a). The first two principal components 

account for 34% of variation in the data. Although most samples from the same subject 

are in relatively close proximity to each other, it is clear that the urinary metabolic
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profiles from the same individual collected a few hours apart are not identical. On PCA 

analysis o f the entire dataset (first and second void urines following the 3 diets), 7 

outlying samples were identified (figure 2.2 (b)). The two most extreme outliers (04 and 

07) were second void urines following the normal diet. Consultation o f the corresponding 

loadings plot and inspection o f the 'H NMR data revealed that both o f these samples had 

high levels of hippurate corresponding to the spectral regions 3.98, 7.54, 7.58, 7.62, 7.66, 

7.82 and 7.86 ppm. Both of these outliers were subsequently removed from the dataset. 

Three o f the remaining five outliers were also removed due to a high drug metabolite 

concentration in the first and second void urine of subject 03 (confirmed from dietary 

records) and a high p-cresol glucuronide concentration in the first void urine o f subject 

05 (p-cresol glucuronide originates as p-cresol, a metabolic product of clostridium 

difficile in the large intestine and is conjugated with glucuronide in the liver prior to 

urinary excretion). The remaining two outliers were retained as their spectra presented no 

unusual features.

A one component PLS-DA model was computed but differentiation between the first and 

second void samples was poor. The CV values for the first and second void urines were 

25 % and 35 % respectively, indicating greater variation in second void urines. Separate 

PCA analysis of the first and second urinary voids indicated that there was a trend for 

samples from the LPD to cluster together in each of the urinary void models. To further 

investigate any differences between the diets and to determine if these differences could 

be picked up in both the first and second void urines PLS-DA models of the ND versus 

the LPD (void 1, 26 % 42 %; void 2, 29 % 38 %) and the LPD versus the

SPD (void 1, R^ 29 % 42%; void 2, R^ 31 % 35 %) were constructed. These

models showed differentiation between the diets. Validation of the ND versus the LPD 

models indicated that 73 ± 6 % and 79 ± 5 % of samples were classified correctly for the 

first and second void urines respectively. The LPD versus the SPD models are shown in 

figure 2.3 (a) and (b). Validation o f these models indicated that 78 ± 1 % and 75 ± 2 % 

of samples were classified correctly.

2.4.3 Comparison of chilled and un-chilled urine from healthy volunteers

The PCA scores plot o f the 'H  NMR data from the chilled and un-chilled urine is shown 

in figure 2.4. This plot displays the first two principal components and accounts for 36 %
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of the variation in the data. Both samples from subject 03 were identified as outlying 

samples as described above in the comparison of first and second void urines. These 

samples were then removed from the dataset. The direction of the first component 

appeared to be influenced by gender as samples from the 9 male subjects were positioned 

on the right half of the plot. For each individual there appeared to be consistency between 

their chilled and un-chilled urine profiles but considering that each sample pair was an 

exact duplicate, any differences could be considered as relevant. A PLS-DA model was 

not computed automatically for the chilled versus un-chilled profiles indicating that both 

sample sets were similar. However the un-chilled urines showed greater variation as the 

CV values were 24 % for the chilled compared to 34 % for the un-chilled samples.

2.5 Discussion

Metabolomics provides an impartial means of assessing changes in metabolism 

which makes it a useful tool for biomarker discovery. The fact that metabolic profiles are 

not static however, can present a hindrance in the detection o f true and meaningful 

perturbations of metabolism. Careful planning of study design and sample processing 

will be important in metabolomics because signals relating to physiological diversity and 

systematic bias may hamper the interpretation of results (12, 14-16). Therefore the 

objective of the current study was to investigate the effects of choosing different sample 

collection methods. Differences between serum and plasma profiles, first and second 

void urinary profiles, and chilled or un-chilled urinary profiles were assessed.

No major differences were observed between the serum and plasma 'h  NMR 

metabolic profiles. The scatter of data in the PCA scores plot was dominated by inter

individual variation, with variance between serum and plasma for each individual being 

consistently low. These findings indicate that serum and plasma are equally suitable for 

use in metabolomics and that heparinised tubes do not interfere with data analysis. 

However, samples from the same individual were not identical which would suggest that 

serum and plasma samples should be analysed as separate datasets and that care should 

be taken when comparing serum and plasma data. These findings are consistent with that 

of Teahan et al (6) where only very minor differences in peak shifts between 'H  NMR 

serum and plasma spectra were reported. In that study, stronger triglyceride resonances 

were visible in the serum relative to the plasma, but this effect was minimal. Serum
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clotting time contributed to variation, with time-related changes in lactate resulting from 

continued anaerobic metabolism by blood cells. Clotting on ice appeared to delay this 

process and it was recommended that serum should be clotted on ice for a specific time 

up to 35 min. In addition, a rat study that compared serum and plasma profiles also 

reported that there were few differences between the two biofluid profiles (17).

Inter-individual variation in urine was greater than variation between the first and 

second void samples. The metabolic profiles for the first and second void profiles were 

consistent and could not be differentiated with PLS-DA, but the PCA scores plot showed 

that the metabolic profiles o f both voids were not exactly the same. The severity of 

outlying samples was greater for second void urine and even after removal o f outliers the 

variation among samples was greater with a CV value of 35 % compared to 25 % for first 

void samples. The impact of recent dietary intake has been previously shown to be 

reflected in first void urinary metabolic profiles (13, 18), but this study has shown that it 

can also be picked up in second void urine samples. Independent analysis of both 

datasets showed that differentiation between urinary profiles following the ND and LPD, 

and the LPD and SPD was possible and that the predictive ability o f the PLS-DA models 

was similar. Given that both urine samples from each individual did not produce the 

same metabolic profile for each void, suggests that variation in urine is sensitive to 

collection time and that samples should be collected under consistent conditions, such as 

first thing in the morning. Care should be taken when collecting spot urine samples 

during the day or when comparing profiles from different time points.

Multivariate data analysis did not differentiate between the urine samples that 

were chilled immediately following sample collection and those that remained un

chilled. Variation in the data was dominated by inter-individual differences. However 

visual inspection of the PCA scores plots did show that changes occurred in the un

chilled urine samples and that the extent of variation among those samples was greater. 

The ’H NMR spectra indicated that the un-chilled samples contained peaks 

corresponding to ethanol, suggesting bacterial fermentation in the time frame from 

sample collection to processing. Therefore, in an effort to reduce variation in 

metabolomic profiles, urine samples should be chilled immediately following sample 

collection and subjects collecting samples outside the laboratory should be provided with
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ice-packs for sample chilling. Otherwise the addition o f preservatives such as sodium 

azide can be used to maintain sample stability.

To date most human metabolomics studies have not used the addition of a 

preservative to spot urine samples (12-14, 19). Dumas et al (8) used a boric acid 

preservative in a metabolomics study assessing the metabolic profiles of three distinct 

population groups, but in that study the urine samples were collected over 24 hr, which 

would have a much greater potential for bacterial contamination. In addition, they 

reported that boric acid preservative may interfere with the quantification o f compounds 

bound to citrate, but that it does not impair the classification of urine specimens by 

chemometric techniques. Acetate formation and decreases in both hippurate and citrate 

have been observed in samples stored at 4 °C without preserv'ation after 1 week, but no 

differences were observed between preserved and non-preserved samples stored at -25 °C 

and -80 °C (2). In that study the samples were processed immediately, with the focus on 

storage temperature.

In the current study, the effect o f temperature during the time between sample 

collection and processing was assessed. In a report on urine stability for metabolomics 

studies, Saude et al (3) advised the addition of the preservative sodium azide and freezing 

at -80 °C for optimal preservation o f sample composition. Freezing at higher 

temperatures was not assessed. Based on the findings of the current study and published 

research, it appears that either the addition of a preservative or immediate chilling of 

urine, followed by freezing below -25 °C is sufficient to maintain the original 

composition of spot urine samples. The addition o f boric acid or sodium azide may be 

necessary for urine samples that are exposed to room temperature, such as in animal 

studies or 24 h collection in human studies.

The current study has demonstrated the importance of employing suitable 

protocols for biofiuid collection in metabolomics studies. Adherence to protocols and 

consistency in techniques may decrease variation and thus reduce errors in the 

interpretation o f results. To ensure robust and comparable metabolomics data, further 

developments are needed to produce standard operating procedures that can be adopted 

by research groups in multi-centre collaborations.
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Table 2.1 Demographic Characteristics o f the subjects in the study’

Cohort A (blood analysis) Cohort B (urine analysis)

Women Men Women Men

(n = 23) (n = 7) (n = 1 2 ) (n = 9)

Height (m) 1.68 ±0.05 1.80 ±0.09^ 1.63 ±0.06 1.82 ±0.07^

Weight (kg) 64.0 ± 7.4 74.1 ± 12.6^ 60.6 ±6.9 79.0 ± 11.8^

BMI (kg/m^) 22.7 ±2.8 22.8 ±2.1 22.7 ±2.6 23.8 ± 1.8

Age (y) 24 ±3 27 ±4^ 25 ± 2 26 ± 4

’a 11 values are mean ± standard deviation 

’̂^Significantly different from women,  ̂P < 0.05,  ̂P < 0.001
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Figure 2.2 (a) Principal component analysis scores plot o f 'h  NM R data from first and 

second void urine samples collected from healthy male and female subjects, following 
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NMR data from first and second void urine samples collected from healthy male and 
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Figure 2.3 Partial least squares discriminant analysis scores plot o f 'H NMR data from 

first (a) and second (b) void urine samples collected from healthy male and female 

subjects (cohort B, N = 21), following a low phytochemical diet (LPD, filled diamond) 

and a standard phytochemical diet (SPD, hollow diamond)

73



^ 1 5
A1MC6 A15

A06

▲13
A13

A02
A02-10

A05

-20

A05

20-30 -20 -10 0 10

t[11

Figure 2.4 Principal component analysis scores plot o f 'H NMR data from chilled and 

un-chilled urine collected from healthy male and female subjects (cohort B, N = 21), 

following a standardised diet ( A = chilled urine, A = un-chilled urine)
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3.1 Abstract

Background: Metabolomics in human nutrition research is faced with the challenge that 

changes in metabolic profiles resulting from diet may be difficult to differentiate from normal 

physiological variation.

Objective: We assessed the extent o f intra- and inter-individual variation in normal human 

metabolic profiles and investigated the effect o f standardising diet on reducing variation. 

Design: Urine, plasma and saliva were collected from 30 healthy volunteers (23 females, 7 

males,) on four separate mornings. For visits 1 and 2, free food-choice was permitted on the 

day prior to biofluid collection. Food-choice on the day prior to visit 3 was intended to mimic 

visit 2 and all foods were standardised on the day prior to visit 4. Samples were analysed using 

'H NMR spectroscopy followed by multivariate data analysis.

Results: Intra- and inter-individual variation was considerable for each biofluid. Visual 

inspection of the principal component analysis (PCA) scores plots indicated a reduction in 

inter-individual variation in urine, but not plasma or saliva, following the standard diet. Partial 

least squares discriminant analysis (PLS-DA) indicated time dependent changes in urine and 

saliva samples, mainly resulting from creatinine in urine and acetate in saliva. The predictive 

power o f each model to classify the samples as either night or morning was 83% for urine and 

75% for saliva.

Conclusions: Urine represented a sensitive metabolic profile that reflected acute dietary 

intake, whereas plasma and saliva did not. Future metabolomics studies should consider recent 

dietary intake and time of sample collection as a means o f reducing normal physiological 

variation.
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3.2 Introduction

M etabolomics, the global analysis o f metabolites, provides nutrition research with an 

alternative to the traditional single biom arker approaches used to assess health and disease. 

The integration o f  m etabolom ics with nutritional science will enhance current clinical and 

research practices, by providing a deeper insight into the relationships between various 

metabolite arrays and health status (1-2). M etabolomics is achieved by m aximum  data capture 

from biofluid or tissue analysis using technologies such as nuclear magnetic resonance (NM R) 

spectroscopy and/or mass spectrometry, followed by pattern recognition statistics (multivariate 

data analysis) (3). M etabolomics has already been implemented as a research tool within other 

scientific fields and has proved to be a highly successful technique for characterising the 

m etabolic response to xenobiotics in both pharm acology and toxicology (4-6). In addition, it 

has been successfully demonstrated as a non-invasive screening tool for disease (7-10) 

However, the application o f  m etabolom ics to nutritional science is underdeveloped and has yet 

to be advanced.

One o f the first nutritional metabolom ics studies to be undertaken, investigated the 

biochem ical effects o f  a dietary isoflavone intervention on the plasm a metabolic profiles o f 

healthy pre-menopausal women (11), and later followed with a sim ilar approach investigating 

the same effects on urinary metabolic profiles (12). Both studies detected metabolic changes 

that reflected modifications in lipid, amino acid and carbohydrate metabolism following the 

isoflavone intervention, but these changes were obscured by inter-subject and temporal 

variation and in the case o f  plasma, the metabolic changes induced by isoflavones only 

became evident following a spectral filtering process (orthogonal signal correction). Recently, 

a m etabolom ics approach was applied to investigate the metabolic effects o f  cham om ile tea 

consum ption by assessing the urinary metabolic profiles o f  healthy m ales and fem ales (13). 

A lthough inter-subject variation was strong, clear differences were observed following the 

cham om ile intervention, which included an increase in the urinary excretion o f  hippurate and 

glycine and a decrease in creatinine. In another m etabolom ics study the urinary m etabolic 

profiles o f  healthy British and Swedish subjects were compared without imposing any dietary 

restriction (14). This study suggested that urinary metabolic profiles are subject to distinct 

influence from diet and other lifestyle factors.
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To date most m etabolom ics studies have been in animal models, which are particularly 

important in the area o f  drug discovery. The Consortium on M etabonomic Toxicology 

(COM ET) is an international research body that has been set up to generate a comprehensive 

database o f  N M R spectra o f  rodent metabolic responses to approxim ately 150 toxins and 

treatm ents (15). The normal degree o f  physiological variation in rodents is well understood 

and was recently reviewed (16). The factors that influence the metabolic composition o f 

biological samples and contribute to variation in rodent metabolic profiles include species, 

strain, genetics, gender, age, hormone levels, diurnal cycles, diet, tem perature, stress, and gut 

microflora. Humans are extremely diverse beings and it is not surprising that most human 

metabolomics studies have found that spectral outputs are strongly influenced by inter and 

intra-individual variation (11-14, 17). Therefore normal physiological variation has the 

potential to be a strong confounder in human studies. With the exception o f  the few dietary 

studies previously mentioned, most human m etabolom ics studies that have been undertaken 

involved clinical cases and controls (7-10). It is not certain that the changes in metabolic 

profiles resulting from dietary intervention will be as easy to detect as the contrast between the 

metabolic profiles produced from individuals with a clinical disease compared to controls. 

Therefore, in the study o f human nutrition it will be important to be able to control and 

understand the factors that contribute to normal physiological variation so that normal 

metabolic fluctuations are not confused with biomarkers that represent a metabolic change due 

to nutritional intervention. In addition, investigating the effects o f  diet on biofluid metabolic 

profiles may improve our understanding o f  how certain dietary components influence 

metabolic pathways. The objective o f  this study was to determine the extent o f  variation in 

normal human metabolic profiles and to ascertain the influence o f  diet on these changes.
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3.3 Methods

3.3.1 Study Design

The project was approved by the Faculty o f  Health Sciences Ethics Com m ittee, Trinity 

College, Dublin and all participants provided written informed consent. Thirty healthy free- 

living subjects were recruited at Trinity College, Dublin. All volunteers attended a screening 

session at which heights and weights were m easured and a screening blood sample was taken. 

Exclusion criteria were a body mass index below 18.5 kg/m^ or above 30.0 kg/m^, 

vegetarianism, iron deficiency anaem ia (haem oglobin <11.5 g/dl for females and <13.5 g/dl 

for males), receiving prescribed medication (contraceptive pills were perm itted), or having an 

oral or urinary tract infection within one month o f  com m encing the study.

Biological samples were collected at 4 laboratory visits to the Trinity Centre for Health 

Sciences at St. Jam es’s Hospital, Dublin. Volunteers were asked to record their dietary intake 

and physical activity on the day prior to each laboratory visit and to fast from midnight until 

the biofluids were collected the following morning. For the first and second visit, volunteers 

were instructed to carry out their normal daily routine while recording their diet and physical 

activity on the records provided. On the third visit they were asked to repeat exactly what they 

recorded for visit two. This was intended to assess intra-individual variation in metabolic 

profiles. Finally, on the forth visit, volunteers were provided with a full range o f  foods to form 

a standard diet and were asked to avoid any vigorous activity. This was intended to assess 

inter-individual variation. In addition, diurnal variation was assessed by asking the volunteers 

to collect a urine and saliva sample on the evening prior to as well as on the m orning o f  the 

final laboratory visit.

3.3.2 Diet and Physical Activity

Diet and physical activity data were not collected with the intention o f  analysis o f  nutrient 

intake or energy expenditure. The intention was to use these as a reference for the 

interpretation o f unusual profiles and for identification o f  foods that could have a particular
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influence on biofluid m etabolic profiles. For exam ple, large trimethylamine 7V-0xide peaks 

have been observed in profiles from individuals that have consumed fish (13-14).

3.3.3 Biofluid Collection

Volunteers collected their first void urine at hom e, in a chilled graduated container, before 

each laboratory visit. The volum e o f  the void w as recorded and then a 10ml aliquot transferred 

to a plastic tube. A  sample o f  unstimulated w hole saliva w as also collected at the home, before 

teeth-brushing, using a chilled plain salivette (Sarstedt, A ktiengesellschaft & Co., Germany). 

The salivette and urine sample were transported to the Trinity Centre on ice, in an insulated 

pack. On arrival at the laboratory, a plasma sample was collected in a 7 ml lithium heparin 

tube and the diet and physical activity records were checked for clarity. All samples were 

centrifuged at 2500 x g for 10 mins at 4°C to separate the plasma from the blood samples and 

remove any solid debris from the urine and saliva samples. Aliquots (500 (xl) o f  the 

supernatants were then stored at -20°C until 'H N M R  analysis.

3.3.4 NMR Spectroscopy

Urine sam ples were prepared by addition o f  a phosphate buffer (0.2M  KH2PO4, 0.8M  

KH2PO4) to the sam ples in a 2:1 ratio. TSP (sodium  trim ethylsilyl proprionate) and 10% D2O 

were added to each sample serving as a chem ical shift reference and a field frequency lock  

respectively. Spectra were acquired with 32 k data points and 128 scans over a spectral width 

o f  8 kHz on a 500 MHz DR X  N M R  spectrometer (Bruker Biospin, Karlsruhe, Germany) using 

a noesypresat pulse sequence. Water suppression was achieved during the relaxation delay 

(2.5 s) and the m ixing time (100 ms).

Plasma and saliva samples were prepared by addition o f  TSP and 10% D 2O. Spectra o f  plasma 

samples were acquired using a Carr-Purcell-M eiboom-Gill (CPMG) pulse sequence with 32 k 

data points and 64 scans. Spectra o f  saliva sam ples were acquired using a noesypresat pulse 

sequence with 32 k data points and 256 scans over 8 kHz. Water suppression was achieved  

during the relaxation delay (2.5 s) and m ixing tim e (100 ms).

A ll 'H NM R spectra were processed with the Bruker software using suitable weighting  

functions and were baseline corrected. The spectra were then reduced by integrating into bins
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across spectral regions o f  0.04 ppm, using AM IX (Bruker Biospin, Karlsruhe, Germany). The 

water region (4-6 ppm) was excluded and the data was normalised to the sum o f  the spectral 

integral.

3.3.5 Statistical Analysis

The data were imported to SIM CA-P+ (version 10.0, Umetrics, Umea, Sweden), mean centred 

and Pareto scaled (1/VSD). Principal com ponent analysis (PCA) is an unsupervised 

multivariate statistical tool which is used to analyze data sets consisting o f  a large num ber o f 

variables. It reduces this m ultidim ensional data into principal components which can be 

viewed using low dimensional plots. PCA was applied to each data set (plasma, urine and 

saliva) and then the score plots were visually inspected for clustering trends. The 

corresponding loadings plot provided information regarding the contribution o f  each variable 

to the pattern on the scores plot. To further investigate the variation between samples and to 

support the visual interpretation o f  the PCA scores plots, the standard deviation o f  the scores 

for each visit was determined and the coefficient o f  variation o f  the variables in the 

information rich region o f  the 'H  N M R spectra (0.5 - 4.0 ppm) was calculated.

Diurnal variation was initially assessed using PCA to visualize the data and check for 

clustering patterns. The difference between night and m orning samples was then further 

explored using partial least squares discrim inant analysis (PLS-DA), a supervised data 

analysis technique. To test the PLS-DA model describing diurnal variation, a cross-validation 

step was carried out by using a training set constructed from 50% o f  the samples. This training 

set was used to determine class m em bership (night or m orning) o f  the rem aining 50%  o f 

samples (test set). Paired sample t-tests were used to compare the independently determined 

creatinine concentration o f  the night and m orning urine samples.
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3.4 Results

Thirty healthy volunteers (23 females and 7 males), aged 19-31 years completed the study. 

Their demographic characteristics (mean ± SD) are shown in table 3.1.

3.4.1 Intra- and inter-individual variation in urine, plasma and saliva m etabolites

3.4.1.1 Urine

The PCA scores plot o f  the 'H NMR urine data is shown in figure 3.1. This plot displays the 

first tw o principal components and accounts for 26% o f  variation in the samples. Seven 

observations fell outside the Hotelling’s T“ 95% confidence ellipse (figure 3.1). Consultation 

o f  the original 'H  NMR spectra revealed that the spectra corresponding to visit 1 for subjects 

31 and 36 were very weak in comparison to the other urine samples. Examination o f  the 

spectra for subjects 36 (visit 2), 38 (visit 1 and 2), and 45 (visit 3) revealed large peaks due to 

ethanol. The dietary records for these individuals were checked and it confirmed that alcohol 

was consumed on the evening before sample collection. Visual inspection o f  the PCA scores 

plot in figure 3.1 revealed that both intra and inter-individual variation were relatively high 

among the samples. However, intra-individual variation appeared to be lower than inter

individual variation, with the samples for each visit rem aining within the same quadrant o f  the 

plot for m ost subjects (subjects 03 and 35 are labeled to demonstrate).

Laboratory visit 3 was intended to be a replica o f  visit 2 with regards to diet and physical 

activity, but the observations from visit 3 did not cluster more closely to the visit 2 

observations, indicating that repeating the visit 2 protocol did not reduce intra-individual 

variation in the urinary metabolic profiles. Following the standard diet on visit 4, a reduction 

in inter-individual variation was observed. When the 7 outlying samples were removed, the 

reconstructed PCA scores plot showed the same trend with visit 4 samples forming a tighter 

cluster. Standard deviations (SD) (excluding outliers) o f  the scores for each visit and the 

coefficient o f  variation (CV) for the variables from the information rich region o f  'H  NM R 

spectra, provided quantitative data regarding the variation among samples from each visit
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(table 3.2). For each component the SD o f the scores and the CV o f the 'H NMR spectral 

intensities were lower on visit 4.

3.4.1.2 Plasma

The PCA scores plot o f the 'H NMR plasma data is shown in figure 3.2. This plot displays the 

first two principal components and accounts for 74% of variation in the samples. The four 

observations representing samples from each laboratory visit for subject 33 fell outside the 

Hotelling’s T^ 95% confidence ellipse (figure 3.2). Consultation o f the corresponding loadings 

plots and inspection o f the 'H NMR spectra revealed that the spectra for subject 33 had very 

large lipid peaks in comparison to the spectra from other subjects. After removal o f subject 33, 

the two-component model accounted for 66% of variation in the samples. Visual inspection of 

the PCA scores plot in figure 2 revealed that both intra and inter-individual variation were 

considerable. Overall, intra-individual variation appeared to be lower than inter-individual 

variation, with the samples for most subjects congregating in the same region o f the plot 

(subjects 15, 34 and 41 are labeled to demonstrate).

The observations from visit 2 and 3, in figure 3.2 did not appear to cluster closer compared to 

the other observations. Indicating that repeating the visit 2 protocol on visit 3 did not reduce 

intra-individual variation in the plasma metabolic profiles. Following the standard diet on visit 

4, appeared to have no influence on inter-individual variation as the visit 4 data did not cluster 

more closely together (figure 3.2). Following removal o f the outlying samples, the 

reconstructed PCA scores plot did not reveal any extra relevant information. SD calculations 

(excluding outliers) o f the scores for each visit and the CV for the variables from the 

information rich region o f 'H NMR, also suggested that the variation in plasma was not 

reduced following the standard diet (table 3.2).

3.4.1.3 Saliva

The PCA scores plot o f the 'H NMR saliva data is shown in figure 3.3. This plot displays the 

first two principal components and accounts for 59% of variation in the samples. Adding 

another component to the model increased the variation accounted for by 9%. The 2 

component model (figure 3.3), identified 2 outliers, corresponding to samples from subject 8
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(visit 1) and 38 (visit 4), and the 3 component model identified subject 34 (visit 1) as an 

outlier. Inspection o f  the corresponding ’H NM R spectra revealed a large peak representing 

acetate for subject 38 (visit 4), but no unusual peaks were found for the other outliers. Visual 

inspection o f the PCA scores plot in figure 3.3 revealed that both intra and inter-individual 

variation were relatively high among the samples. Overall, intra-individual variation was 

lower than inter-individual variation, but subject 38 showed particularly high intra-individual 

variation and subjects 04, 08 and 36 each had one sample that deviated more from the others 

(figure 3.3). The scores plot did not indicate that there was more consistency between the 

samples for visits 2 and 3 compared to the other visits, which indicates that repeating on visit 3 

what they recorded for visit 2 did not reduce intra-individual variation in salivary metabolic 

profiles. Following the standard diet on visit 4, no change in inter-individual variation was 

observed. Figure 3.3 shows that the scores representing the visit 4 saliva samples are no more 

clustered than the scores from any other laboratory visit. Following removal o f  the outlying 

samples, the reconstructed PCA scores plots did not reveal any extra relevant information. SD 

calculations (excluding outliers) o f  the scores for each visit and the CV for the variables from 

the information rich region o f 'H  NM R, also suggested that the variation in saliva was not 

reduced following the standard diet (table 3.2).

3.4.2 Diurnal variation

3.4.2.1 Urine

A two component model was computed which accounted for 36% o f variation in the data. 

Inspection o f  the PCA scores plot revealed that three samples were positioned outside the 

Hotelling’s 95% confidence ellipse. These corresponded to the night fime samples from 

subjects 15, 36 and 45. Inspection o f  the 'H  NM R spectra indicated that the sample belonging 

to subject 45 had peaks corresponding to ethanol. This sample was subsequently removed 

from the analysis. No unusual peaks were found in the spectra from the other outlying subjects 

hence they were not removed from further analysis. A PLS-DA model was constructed and the 

scores plot for the first two principal components is shown in figure 3.4. N ight and morning 

samples showed a tendency to be separated by the first principal com ponent ( t[ l])  and 

creatinine was identified as the metabolite influencing this separation. To validate this, the 

creatinine concentrations in the samples were independently determined using a colorimetric
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assay and found to be significantly higher in the morning (162.1 ±88.9 mg/1 compared to 

125.6±65.5 mg/1, p = 0.038). This model, which characterises diurnal variation, was cross

validated to check the validity and predictive power o f the model. Using an independent test 

set, the model predicted correct classification for 85% of the samples and with removal o f all 3 

outliers the model predicted correct classification for 81% o f samples.

3.4.2.2 Saliva

Analysis o f the 'H NMR saliva data produced a four component model with 0.837 and 

0.683. The night time saliva samples from subjects 4, 13, 30, 38 and 41 were removed from 

the analysis because their corresponding 'H NMR spectra had intense peaks in the 3-4 ppm 

region which may be contamination from the salivette. The morning sample from subject 38 

appeared as an outlier. Evidence o f separation between the night and morning samples was 

observed along the third principal component (t[3]). A PLS-DA model was constructed and 

the plot is depicted in figure 3.5 (R^ 0.368, 0.342), showing separation o f the night and

morning samples by the first principal component (t[l]). The principal metabolite contributing 

to this separation was acetate and the predictive ability o f the model to differentiate between 

night and morning samples was found to be 75%.

3.5 Discussion

The principal objective o f this study was to assess the effects o f standardising acute 

dietary intake on the extent o f variation in urinary, plasma and salivary metabolic profiles. 

These findings show that consumption o f a standard diet on the day before sample collection 

can reduce inter-subject variation in the urinary metabolic profiles o f healthy individuals but 

does not reduce variation in plasma or salivary metabolic profiles.

Lenz et al (17) conducted a similar investigation in which they assessed the variability 

in both plasma and urine in 12 healthy males on 2 separate days. However, there are notable 

differences in the design of the two studies. The current study included both males and 

females, the standard diet was provided on the day before rather than the day o f sample
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collection, samples were collected in the m orning on 4 separate occasions rather than 2 and 

plasm a samples were collected following an overnight fast. Lenz et al (17) collected plasma 

samples 1.5 h following a standard breakfast and concluded that there was a relatively low 

level o f  inter- and intra-individual variation among the samples. In the current study we have 

shown that a standard diet followed for 24 hours prior to plasma collection does not appear to 

reduce variation in fasting plasm a samples. The plasm a metabolom ic profile is extremely 

complex and comprises a m yriad o f  small m olecules that are part o f  the synthetic and 

degradative pathways o f key metabolites. In conventional m etabolism studies, it is only these 

key metabolites which are o f  interest and which are subject to analysis. In metabolomics, the 

full spectrum o f  anabolic and catabolic pathw ays o f  all key m etabolites is analyzed to the 

maximum capacity o f  the technological platform  used. The extent to which acute nutrient 

ingestion can influence this plasm a m etabolom e depends on a balance between the rate o f 

entry o f  the ingested or exogenous form and the rate o f entry o f  the endogenous form into the 

plasm a metabolome. Averaged out over the day, roughly 4 mg/kg/minute o f amino acid enter 

and exits plasma (18) through endogenous metabolism. Based on a typical large meal, less 

than I mg/kg/minute o f amino acids will reach post hepatic circulation over a four hour 

period. A second reason why the endogenous m etabolism  might dom inate over acute ingestion 

is that the plasm a level o f many minerals and trace elements and some vitamins is held 

constant despite variation in rates o f  ingestion. Finally, in the case o f some vitamins (D and 

K), endogenous synthesis dom inates over exogenous intake. The actual enduring effect o f  diet 

on plasm a m etabolomic profiles occurs when variation in nutrient intake alters the balance o f 

many metabolic pathways to create a new hom eostasis, such as the response o f  plasma 

cholesterol level to variation in dietary fat com position. In this study any metabolic effects 

would have been acute and unlikely to influence endogenous metabolism. Although the 

immediate response to dietary intake lasts some hours into the postprandial phase, it would 

have been expected that these effects were no longer evident in the fasting samples the 

following morning.

With regards to urinary metabolic profiles, Lenz et al observed a reduction in variation 

in 0-12 h and 12-24 h samples during the standard diet, whereas first void urine, collected 

before diet comm encem ent showed the greatest variation (17). Similarly, the current study 

observed a high level o f variation in first void urine samples, but we have shown that this 

variation can be reduced by standardizing dietary intake on the day before sample collection.
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W hen the diet was not standardized, the m etabolites that contributed m ost to variation in the 

urinary profiles were hippurate, creatinine and an unknown. Variation along the first principal 

com ponent (figure 1) was dominated by hippurate. Hippurate is produced by the metabolism 

o f  benzoate, which m ay be derived from sodium benzoate, a common food additive. It is also 

derived from 3-phenylpropionic acid, a product o f  the gut m icroflora (19). In addition, urinary 

hippuric acid excretion has been positively associated with consumption o f  dietary 

polyphenols, particularly those from tea (20-23). W ang et al observed an increase in urinary 

hippurate and glycine excretion, and a decrease in creatinine excretion following a chamomile 

tea intervention (13). Variation along the second principal component in figure 1 was 

dominated by creatinine and an unknown (region). It is uncertain as to why creatinine 

excretion appeared less variable when nutrient intakes were standardized. Urine receives the 

end-products o f many metabolic processes and its composition is not m eticulously controlled. 

Therefore it is more likely to accum ulate residues from the m etabolised diet in comparison to 

plasm a or saliva. This may explain why the first void urinary m etabolic profiles showed an 

acute response to diet.

At the present tim e there are no published m etabolom ics studies that have used saliva 

as a medium for investigation and only a limited num ber o f  NM R investigations have used 

saliva (25-27). Saliva is considered to be useful for the diagnosis o f  various diseases, 

endocrine disorders and drug use assessm ent (28). W hole saliva collection is non-invasive and 

it contains serum constituents in addition to salivary gland secretions and other cellular 

components, therefore m aking it a potentially useful biofluid in m etabolom ics. The current 

study assessed the extent o f  variation in salivary metabolic profiles and found a relatively high 

level o f  both inter- and intra-individual variation. The extent o f  variation did not appear to be 

reduced by standardizing dietary intake on the day before sample collection. Future studies are 

needed to assess the utility o f  saliva as a medium for m etabolom ics research, but they should 

not ignore that there are a significant oral m icroflora that secrete a wide array o f  small 

m olecules which may dominate the salivary metabolome.

A number o f  factors m ust be considered to elucidate the com ponents o f  the diet 

responsible for initiating an effect on the urinary profiles. Changes in trace elem ent intakes are 

unlikely as they would not have been identified by 'H  NM R. There was no evidence to 

suggest variation in the excretion o f  water soluble vitamins and changes in acid-base balance
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were also unlikely. The gut microflora, also known as the microbiome (29), have an 

integrative relationship with their host’s own metabolic processes, contributing through 

metabolic exchange and co-m etabolism  o f  nutrients and non-nutrients in the body (2, 30). Gut 

m icrobial composition has been shown to exert a significant effect on urinary metabolic 

profiles in studies assessing the metabolic changes induced during the acclim atization o f 

germ -free anim als to a normal environm ent (31-32). Although the gut m icroflora may have 

been involved in the m etabolic breakdown o f the standard diet, it is unlikely that dietary intake 

over one day caused any alterations in the m icroflora population. Therefore, the reduced 

variation observed in urinary metabolic profiles following the standard diet may not have been 

associated with the gut microflora. The contribution o f  non-nutrient food components to 

metabolic profiles has been discussed previously indicating that the non-nutrients with 

potential metabolic effects are phytochem icals and man-made compounds that have entered 

the food either by accident or that have been added for food enhancem ent (2). The urinary 

profile is perhaps the m ost susceptible to influence by these components because they may not 

become involved in endogenous metabolism and accumulate in the urine to be excreted as 

waste products from the body. Considering that urinary hippurate has been associated with 

polyphenol consumption (20-23), it is possible that the reduced variation observed following 

the standard diet resulted m ainly from the standardization o f non-nutrients. A possible 

explanation for the decrease in variation in urinary hippurate is that the standard diet provided 

all subjects with two servings o f  tea on the day prior to the 4*'’ visit whereas on the other study 

days, tea consumption varied (0-6, 0-7 and 0-9 servings per day prior to visits 1, 2 and 3 

respectively). Further studies will be needed to investigate the influence o f  non-nutrients, 

particularly phytochem icals, on biofluid metabolic profiles.

This study detected diurnal variation in both the urinary and salivary metabolic 

profiles. Creatinine was identified as the principal m etabolite that changed between night and 

m orning urine samples with increased creatinine excretion in the first void samples for most 

subjects. A possible explanation for the increased creatinine concentrations is that during sleep 

at night an individual may be more anabolic, resulting in increased muscle breakdown and 

therefore a higher excretion o f  creatinine in their first void urine. Increased creatinine 

excretion has been observed in male rats following energy restriction (24) therefore the 

increased creatinine in the first void urine may be attributed to the overnight fast. Bollard et al 

(16, 33) reported that rats also show diurnal variation in creatinine excretion, with lower levels
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being found in daytime urine samples. Acetate was identified as the main metabolite 

responsible for diurnal variation in the saliva samples. The higher levels o f acetate in the 

samples collected at night may be attributed to carbohydrate fermentation in the mouth 

following earlier eating occasions or may be exogenous as no mouth irrigation was preformed 

prior to sample collection. The morning samples were taken prior to any oral activity.

The current study is an important step towards the full understanding o f the influence 

o f diet on metabolomic variation in humans. This study demonstrates the need for careful 

protocol planning in metabolomics studies where factors such as recent dietary intake or time 

o f sample collection could confound the true findings o f an investigation. Despite 

developments in data filtering such as orthogonal signal correction (34), it remains important 

that we develop a greater understanding o f the dietary determinants o f human metabolomic 

profiles and to that end, further foundation studies are needed.
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Table 3.1 Demographic characteristics o f all subjects in the study

All subjects

Females Males

N  =23 N = 7

Height (m) 1.68 ±0.05 1.80 ±0.09

Weight (kg) 64.0 ± 7.4 74.1 ± 12.6

'BMI (kg/m^) 22.7 ±2.8 22.8 ±2.1

Age (y) 24 ±3 27 ± 4

'BMI Body mass index

Data presented as mean ± standard deviation
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Table 3.2 Standard Deviations o f the principal component analysis scores and coefficients 

o f variation o f NMR spectral intensities for urine samples from each laboratory visit

Week 1 Week 2 Week 3 Week 4

Urine

'PC 1 8.6 5.5 6.6 4.7

^PC2 4.8 6.7 7.0 4.0

^CV 30 29 26 18

Plasma

PC 1 8.6 8.0 10.4 12.3

PC 2 4.5 5.3 4.9 6.2

CV 36 31 29 36

Saliva

PC 1 12.2 12.0 12.5 13.4

PC 2 7.7 6.2 7.3 6.2

CV 35 36 41 33

’standard deviation o f principal component one. 

Standard deviation o f principal component two. 

^Coefficient o f variation o f 'H NMR spectral intensities.
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Urine

Figure 3.1 Principal component analysis scores plot derived from urine *H N M R  spectra. 

Symbols are coded according to the laboratory visit in which the samples were collected (□ 

= visit 1, A=visit 2, o=visit 3 and B=visit 4). The broken line indicates the extremities of 

the visit 4 values when the diet was standardized.
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Plasma

Figure 3.2 Principal component analysis scores plot derived from plasm a 'H NM R spectra. 

Symbols are coded according to the laboratory visit in which the samples were collected (□ 

= visit 1, A=visit 2, o=visit 3 and B=visit 4).
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Saliva
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Figure 3.3 Principal component analysis scores plot derived from saliva 'H NMR spectra. 

Symbols are coded according to the laboratory visit in which the samples were collected (□ 

= visit 1, A=visit 2, o=visit 3 and ■=visit 4).
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Urine

Figure 3.4 Principal least squares discrim inant analysis scores plot derived from urine *H 

NM R spectra from night and morning. Symbols are coded according to the tim e o f  day they 

were collected (□ = night, ■=moming).
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Saliva
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Figure 3.5 Principal least squares discriminant analysis scores plot derived from saliva 'H 

NM R spectra from night and morning. Symbols are coded according to the time o f  day they 

were collected (□ = night, ■=moming).
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4.1 Abstract

Background: Diversity in dietary intake contributes to variation in human metabolomic 

profiles and artifacts from acute dietary intake can impact metabolomics data.

Objective: We investigated the role o f dietary phytochemicals on shaping human urinary 

metabolomic profiles.

Design: First void urine samples were collected from 21 healthy volunteers (12 females, 9 

males) following their normal diet (ND), a 2-day low phytochemical diet (LPD) and a 2-day 

standard phytochemical diet (SPD). Nutrient intake was assessed during the study. Urine 

samples were analyzed using 'H nuclear magnetic resonance spectroscopy ('H  NMR) and 

mass spectrometry (MS), followed by multivariate data analysis.

Results: Macronutrient intake did not change throughout the study. Partial least-squares 

discriminant analysis indicated clear distinction between the LPD samples and the ND and 

SPD samples, relating to creatinine and methylhistidine excretion following the LPD and 

hippurate excretion following the ND and SPD. The predictive power o f the LPD versus the 

ND model was 74 ± 3 % and 82 ± 6 % for the 'H NMR and MS datasets respectively. The 

predictive power of the LPD versus the SPD model was 83 ± 8 % and 69 ± 4 % for the 'H 

NMR and MS datasets respectively. A cross platform comparison o f both datasets using co

inertia analysis showed similar distinction between the LPD and SPD.

Conclusions: Acute changes in urinary metabolomic profiles occur following the 

consumption o f dietary phytochemicals. Dietary restrictions in the 24 hours prior to sample 

collection may reduce diversity in phytochemical intakes and therefore reduce variation and 

improve data interpretation in metabolomics studies using urine.

107



4.2 Introduction

M etabolomics affords an efficient approach for assessing the overall metabolic 

profiles o f  tissues or biofluids and is increasingly being employed within a range o f 

scientific disciplines. One o f  the challenges in adopting a m etabolom ic approach, 

particularly in human nutrition research, is the ability to distinguish meaningful responses 

within metabolic profiles that are produced as a consequence o f  a specific stimulus rather 

than as an artefact o f daily variation. In addition, when distinct metabolic profiles are 

identified that differentiate two or more sample populations it is important to understand the 

contribution o f any exogenous factors that may be unique to each group. These factors could 

lead to misinterpretation o f  the true differences in endogenous metabolism between the 

groups. Genetic and environmental variation in human populations contributes to 

considerable diversity among human metabolomes (1-6) and diet is one o f  the key 

environmental factors due to its dynamic input to metabolism.

The role o f diet in shaping m etabolic profiles is not fully elucidated but it is clear that 

diet will have both an acute and chronic effect. Understanding the chronic effects o f  diet is 

the m ost relevant in terms o f  nutrition research, but in terms o f  the interpretation o f 

nutritional metabolomics data, an understanding o f  acute dietary effects is also important. 

Foods in the human diet are not merely a source o f  nutrients and are abundant in many other 

compounds which contribute to their taste, colour, aroma, texture and shelf-life. Plant 

derived foods and drinks are a rich source o f  such compounds, namely phytochem icals, and 

5000-10000 are present in human food. It is estimated that the average diet corresponds to a 

daily dose o f  1.5 g o f  phytochem icals (7).

The role o f  these phytochem icals in shaping the metabolic profiles obtained by 

NM R-based and MS -based  techniques is not yet clear. Previous studies investigating the 

m etabolic fate o f  polyphenols have shown their appearance in plasm a as early as 1 h, and in 

urine within 24 h following ingestion (8-10). Hence, to further our understanding o f  the role 

diet plays in shaping metabolic profiles it is important to consider these acute dietary 

influences which contribute to normal variation in metabolic profiles. This is particularly 

relevant for urine as it accumulates many end products o f  metabolism. Urine is a complex
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biofluid with an extensively varying com position, whereas the composition o f  other 

biofluids can be controlled more tightly by varying the excretion o f  many metabolites into 

urine. In a previous study we reported that dietary standardization for 24 hours prior to 

sample collection reduced the extent o f  variation in urinary metabolic profiles, but not in 

fasting plasma or salivary profiles (6).

In an attempt to further our understanding o f  the impact that acute dietary intakes 

have on NM R and MS profiles the current study was designed to investigate the role o f 

phytochem icals in shaping urinary metabolic profiles. In the long term, understanding the 

influence o f  acute dietary intakes will lead to an improved interpretation o f  dietary 

intervention outcomes.

4.3 Methods

4.3.1 Study design

Ethical approval was received from the Faculty o f  Health Sciences Ethics Committee, 

Trinity College Dublin, in accordance with the Declaration o f  Helsinki. Twenty-one healthy, 

free-living subjects were recruited from the Dublin metropolitan area and each participant 

provided informed written consent. Exclusion criteria were a body mass index <18.5 or 

>30.0 kg/m^, being <18 or >35 years old, use o f  prescribed m edication (oral contraceptive 

use was permitted) and having a urinary tract infection within 1 month o f  commencing the 

study.

The study duration was 6 days (days 0-5). Samples o f  first void urine were collected chilled, 

on study days 1, 3 and 5. Dietary intake was recorded on days 0-4. Subjects were instructed 

to follow their normal diet (ND) on day 0 with the result that the day 1 urine samples 

represented normal urinary metabolic profiles. On days 1-2 subjects followed a low 

phytochemical diet (LPD) with the result that the day 3 urine samples represented urinary 

metabolic profiles in the absence o f  phytochem icals. On days 3-4 subjects continued this diet 

with the addition o f fruit and vegetable drinks, with the result that the day 5 urine samples 

represented urinary profiles following a standard fruit and vegetable intake (i.e. standardised
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phytochemical intake). Two days was an adequate time for both the phytochemical washout 

and dosage period, given that the plasma elimination half life for major phytochemicals is 

between 1.1 and 28.1 hours (10). For the LPD the subjects were provided with a list of 

allowed and forbidden foods. There were no restrictions on the quantities o f food eaten. All 

fruit and vegetables were forbidden (this incorporated all products which contain fruit and 

vegetables such as jams, sauces, soup, tea, coffee and chocolate). The allowed list included 

meat, dairy and some low pigmented plant products such as white breads, non-wholegrain 

breakfast cereals, potatoes, white rice and white pasta. For the standardised phytochemical 

diet (SPD), the fruit and vegetable source was 4 x 100 ml apple, carrot and strawberry drinks 

(Knorr Vie, produced by Unilever, www.knorr-vie.com).

4.3.2 Nutrient intake

Nutrient intakes were assessed using 5-day weighed food records. The participants were 

given detailed instructions regarding the completion o f the records and tutored on the 

estimation of food portion sizes for instances when the food scales could not be used. The 

records were reviewed following each sample collection and clarification o f food portions 

and preparation were made. Total energy, protein, carbohydrate, fat, fibre, vitamin C and 

carotene intakes were estimated using WISP® (Weighed Intake Software Program; Tinuviel 

Software, Anglesey, UK). The WISP database o f food composition included the 

manufacturer’s nutritional information for the standard drinks.

4.3.3 Urine collection

First void spot urine samples were collected on the mornings o f days 1, 3 and 5. Volunteers 

were given insulated ice-packs in which they were asked to store the samples immediately 

until they were received by the study investigator. On arrival at the laboratory, the samples 

were centrifuged at 2500 x g for 10 min at 4 °C to remove any solid debris. Fractions (500 

|il) o f the urine supernatants were then stored at -80 °C until 'H NMR analysis.
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4.3.4 NMR spectroscopy

For N M R  spectroscopy the urine samples were buffered using a phosphate buffer (0.2M  

KH2 PO4 , 0.8M  KH2 PO4 ). To each 350 |j.l o f  urine 180 |o,l o f  phosphate buffer (pH 7.4), TSP 

(sodium trim ethylsilyl [2 ,2 ,3 ,3 -^H4 ] proprionate) and 10% D 2 O was added. N M R  spectra 

were acquired at 298 K on a 500 M Hz DRX NM R spectrometer (Bruker Biospin, Karlsruhe, 

Germany) using a noesypresat pulse sequence. Spectra were acquired with 32 k data points 

and 128 scans over a spectral width o f  8  kHz. Water suppression w as achieved during the 

relaxation delay (2.5 s) and the m ixing time (100 ms). A ll ’H NM R spectra were referenced 

to TSP at 0 .0 ppm and processed manually with the Bruker software using a line broadening 

o f  0.2 H z . A ll spectra were baseline corrected. The spectra were then reduced by integrating 

into bins across spectral regions o f  0.02 ppm, using AM IX (Bruker Biospin, Karlsruhe, 

Germany). The water region (4 .2-6 .0  ppm) was excluded. The data was normalised to the 

sum o f  the spectral integral in order to account for differences between urinary 

concentrations.

4.3.5 Mass Spectrometry

The urine sam ples (500 |iL) were defrosted at room temperature, centrifuged at 7000 x g for 

5 min at 4 °C and then diluted 4-fold with distilled water. Chromatography was performed 

using a Waters A lliance 2695 HPLC system (Waters Corporation). The HPLC system was 

coupled to a Waters Q tof-M icro™  (Manchester, UK) equipped with an electrospray source 

and a lockm ass sprayer. The source temperature was set to 120°C with cone gas flow  o f  50 

L/h, a desolvatation temperature o f  300 °C, and a nebulization gas flow  o f  400 L/h. The 

capillary voltage was set at 3000 V and the cone voltage to 30 V. The mass spectrometric 

data were collected in continuum full-scan mode from m /z 1 0 0 - 1 0 0 0  from 0 - 1 0  min, in 

positive mode. A ll analyses were acquired using the lockspray with a frequency o f  5 s to 

ensure accuracy. Leucine-enkephalin was used as the lock mass ([M+H]"^ m /z 556.2771) at a 

concentration o f  0.5 ng/|iL  (in MeOH/water 50/50 v/v  with 0.1% formic acid).

To avoid possible differences between sample batches a Latin square was carried out to 

obtain a randomized list o f  samples for analysis. The 2.1 x 150 mm SymmetryShield®RPI8



5|im column was injected with 10 îL o f diluted urine at 30°C. Mobile phase components 

were A = 1% formic acid (aq) and B= acetonitrile with 1% formic acid. The column was 

eluted with a gradient o f 0-20% B over 0-4 min, followed by an increase from 20-95% over 

4-8 min. The mobile phase was then held at this composition for 1 min and then returned to 

100% A at 9 min for 5 min re-equilibration. The flow rate was set to 300 |iL / min.

The raw data were transformed to centroid mode and mass corrected before being analyzed 

with MarkerLynx Applications Manager vl.O. The LC/MS data were peak-detected and 

noise-reduced for both the LC and MS components. Each peak in the resulting 3- 

dimensional data set was represented by Retention Time-m/z and its ion intensity in each 

sample. The matrix obtained was then exported for statistical analysis.

4.3.6 Statistical analysis

The nutrient intake data was analysed using SPSS for WINDOWS (version 12: SPSS Inc. 

Chicago, IL). One factor analysis o f variance (ANOVA) was used to assess the differences 

between the ND, the LPD diet and the SPD. Repeated measures ANOVA was used to check 

for gender by diet interactions. Differences were considered as significant at P < 0.05 and 

Tamhane’s T2 post hoc tests were carried out to assess the significant differences indicated 

by the ANOVA results.

Multivariate data analyses were applied to both the 'H NMR and MS data using Simca-P+ 

software (version 10.0; Umetrics, Umea, Sweden) and the R Statistics package using 

modules MADE4 (11) and ade4 (12). The data sets were mean centered and Pareto scaled 

(each variable was weighted according to I/VSD). Principal component analysis (PCA), an 

unsupervised pattern recognition technique, was performed initially to assess variation and 

expose any trends or outlying data. Partial least-squares discriminant analysis (PLS-DA) was 

then performed to define the maximum separation between the LPD versus the ND or the 

standard SPD. The data were visualized by constructing principal component scores and 

loadings plots, where each point on the score plot represented an individual urine sample and 

each point on the loadings plot represented a single 'H NMR spectral region or MS reading. 

The PLS-DA models were cross-validated by randomly removing each third o f the data to be
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used as a test dataset and a training dataset was constructed with the remaining two thirds. 

The class o f each sample in the test dataset was then predicted based on the model built from 

the training set. The quality o f all models was judged by the goodness-of-fit parameter (R“) 

and the predictive ability parameter (Q“), which is calculated by a seven-fold internal cross- 

validation o f the data.

Co-inertia Analysis (CIA) (13) was applied to the LPD and SPD samples from the ’H NMR 

and MS data. CIA is a multivariate statistical method used to identify patterns in parallel 

datasets. In brief, it first carries out a simple ordination such as PCA on each o f the datasets. 

CIA then finds pairs o f axes from the two datasets that have maximum covariance. The first 

few axes from the CIA are used to create 2 dimensional plots. On these plots, the 

relationships between the sample data points and variables from both datasets are visible.

4.4 Results

Twenty-one healthy volunteers (12 females, 9 males) aged 20-34 y completed the study. 

Their demographic characteristics (mean ± SD) are shown in table 4.1. The mean BMI was 

23.2 ± 2.3 kg/m^ and the mean age was 25 ± 3 y. BMI and age showed no significant 

differences between males and females.

4.4.1 Nutrient intake

The nutrient intake data (mean ± SD) for all subjects for each o f the diets are shown in table 

4.2. The LPD was followed on days 1 and 2 and the SPD was followed on days 3 and 4, 

therefore the mean intakes for both diets are presented. Repeated measures ANOVA showed 

no diet by gender interactions, but indicated that energy intake by males was significantly 

higher during the LPD (P < 0.05). No significant differences were found between the three 

diets for total energy, protein, carbohydrate, or fat intakes. One-way ANOVA (P < 0.05), 

with post hoc tests found that fibre intake was significantly lower during the LPD compared 

to the ND (P <0.05) and the SPD (P <0.001). In addition, one-way ANOVA (P < 0.001), 

with post hoc tests found that Vitamin C intake was significantly lower during the LPD 

compared to the ND (P <0.05) and the SPD (P <0.001). Finally, one-way ANOVA (P <
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0.001) with post hoc tests found that carotene intake was significantly higher during the SPD 

compared to both the ND (P < 0.001) and the LPD (P < 0.001) and that the ND was 

significantly higher than the LPD (P < 0.05).

4.4.2 Multivariate data analysis of the 'H NMR urinary profiles

Initial PCA of the 'H NMR urinary data revealed five outlying samples (positioned outside 

the Hotelling’s elipse on the score plot). NMR spectra of these outlying samples were 

inspected. Three of these outliers were subsequently removed from the dataset, one due to 

intense signal intensities in the spectral regions 0.87 -  0.89 ppm, 1.06 ppm, 1.22 ppm and 

1.37 -  1.42 ppm, which corresponded to a drug metabolite (drug use was confirmed by the 

dietary records). Another two samples showed enhanced signal intensities in the spectral 

region 2 .17 -2 .19  ppm, which corresponded to a high p-cresol glucuronide concentration {p- 

cresol glucuronide originates as p-cresol, a metabolic product o f clostridium difficile in the 

large intestine and is conjugated with glucuronide in the liver before urinary excretion). The 

remaining two outliers were retained as their spectra presented no unusual features. PCA 

was then repeated and the score plot is shown in figure 4.1 (a). The first two components 

accounted for 31% of variation in the data and the samples from the LPD tended to cluster 

on the right side of the plot. To probe further the differences between the LPD and the ND a 

PLS-DA model was constructed. The first two components accounted for 30% (R^X value) 

of the variation in the model and had a value of 42%. Interrogation of the loadings plot 

and the NMR spectra showed that the discrimination between the LPD samples and the ND 

samples was mainly dominated by a higher level of hippurate (spectral regions: 3.96 -  3.98 

ppm, 7.54 -  7.56 ppm, 7.56 -  7.58 ppm, 7.84 -  7.86 ppm) in the ND samples and a higher 

level of creatinine (spectral regions: 3.04 -  3.06 ppm, 4.06 -4 .0 8  ppm) and methyl histidine 

(spectral region: 3.74 -  3.76 ppm) in the LPD samples. Validation of these models, as 

described in the materials and methods section, indicated that 74 ± 3 % of samples were 

classified correctly.

To investigate the effect of the controlled addition of phytochemicals to the diet a PLS-DA 

model was constructed with the data from the LPD and the SPD (figure 4.1 (b)). The first 

two components of the model accounted for 29% (R“X value) of the variation in the data and
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had a value o f  60%. Inspection o f the loadings plot and the N M R spectra revealed that 

the discrim ination between the two sample groups was dominated by higher levels o f 

hippurate following the SPD and higher levels o f  creatinine and methyl histidine following 

the LPD. Validation o f  this model indicated that 83 ± 8 % o f  the samples were correctly 

classified.

The PCA and PLS-DA analyses were also carried out separately for males and fem ales to 

ensure that gender effects were not influencing the results. These analyses showed similar 

results indicating that gender did not impact the study findings.

4.4.3 Multivariate data analysis of the mass spectrometry urinary profiles

Two outlying samples were revealed following initial PCA o f  the MS urinary data (one o f 

these was also an outlier in the NM R data). The PCA loadings plot and inspection o f  the 

individual outputs indicated that these samples had high peak intensities corresponding to 

m asses 313.078 and 447.107 which relate to genistein acetate and genistein glucuronide 

respectively. These m etabolites result from soy isoflavones but there was no evidence to 

confirm the consumption o f  soy isoflavones prior to sampling. These samples were 

subsequently removed from the dataset and PCA was repeated. The first two components o f 

this model accounted for 24%  o f variation in the data and although there were no distinct 

clustering trends, the samples from the ND tended to locate in the bottom half o f  the plot. A 

PLS-DA model was constructed to assess any differences between the LPD samples and the 

ND samples. A 3-com ponent model was generated, accounting for 28%  (R X value) o f  

variation in the data and it had a value o f  59%. Inspection o f  the PLS-DA loadings plot 

indicated that discrimination o f  the samples was m ainly dominated by the ions with an m/z 

o f  180.068, 105.028 (both corresponding to hippurate), 312.217, 197.07, and 169.036 

(unidentified). These ions were associated with the ND samples and validation o f  the model 

indicated that 82 ± 6 % o f  the samples were classified correctly.

Another 3-com ponent PLS-DA model was constructed to assess the differences between the 

LPD samples and the SPD samples (figure 4.1 (c)). This model accounted for 30% (R X 

value) o f  variation in the data and the Q‘ value was 44%>. The corresponding loadings plot
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indicated that discrimination resulted from high peak intensities associated with the SPD 

samples, for m/z 180.068, 105.028 (both relating to hippurate), 413.045, 312.217 and 

169.036 (unidentified). The model was validated, giving correct classification for 69 ± 4 % 

o f the samples.

4.4.4 Combined analysis of NMR and MS data

CIA was applied to the LPD and SPD samples o f 'H NMR and MS data to visualise patterns 

and to identify metabolites with changed concentration in each group. It was carried out on 

18 matched samples; three samples were removed from the analysis as they were considered 

outliers in either the 'H NMR and/or MS data. The initial ordinations showed that the sample 

distribution o f 'H NMR split reasonably well. The MS data, however, did not separate so 

clearly (data not shown). CIA was applied to these initial ordinations. Figure 4.2 (a) shows 

the combined sample distribution from the first two axes. Axis 1 and Axis 2 from the CIA 

explains 46% and 20% of the variance respectively. The base o f each arrow represents one 

'H NMR sample and the tip represents the equivalent MS sample. The lengths o f the arrows 

indicate how dissimilar the samples are. Although a perfect separation o f the sample groups 

was not achieved, the SPD samples (in black) dominate the right side o f the plot and the 

LPD samples (in grey) dominate the left side. The metabolites from the 'H NMR and MS 

data are plotted in figures 4.2 (b) and (c) respectively. Metabolites that project in the same 

direction o f both 'H NMR and MS plots have similar influence in both sets o f data. For 

example, the top right quadrant o f figure 4.2 (b) and (c) are dominated by regions which 

correspond to hippurate. Since the top right quadrant is dominated in the sample plot by 

SPD, it can be interpreted that the SPD samples have a notable increase in hippurate in 

comparison to the LPD.
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4.5 Discussion

The application o f  m etabolom ics to nutritional studies holds great promise for future 

research. However, if  it is to reach its full potential we m ust understand the influence o f  all 

aspects o f dietary composition on metabolic profiles. In the current study the impact o f  acute 

changes in dietary phytochem icals on human urinary metabolic profiles was investigated. 

M odulation o f  the phytochem ical intake led to significant changes in the metabolic profiles 

and using pattern recognition analysis, diets with varying levels o f  phytochem icals were 

distinguished and characterised. Previous research has demonstrated a notable impact o f  diet 

on urinary com position which was detectable by metabolom ic analysis. A recently published 

study investigated changes in human urinary profiles resulting from dietary intervention. 

Discrimination between the dietary treatm ents was dominated by elevated excretion o f 

creatinine, creatine, trimethylamine-A^-oxide (TM AO), taurine and 1- and 3-methylhistidine 

associated with a high meat diet and p-hydroxyphenylacetate associated with a vegetarian 

diet (14). In another human study, a dietary intervention o f  soy isoflavones found subtle 

changes in urinary metabolic profiles that were associated with osmolyte fluctuation and 

energy metabolism (15). Differentiation between the urinary profiles o f  populations from 

distinct geographic locations has also been studied and some o f  the differences between the 

groups have been attributed to diet (2, 4).

Dietary intervention studies carried out in animal models have revealed distinct 

changes resulting from diet. A crossover metabolom ic study in pigs successfully 

distinguished between a wholegrain diet and non-wholegrain diet. In urine, differentiation 

was dominated by betaine and hippurate excretion associated with the wholegrain diet, and 

creatinine excretion associated with the non-wholegrain diet (16). In another study, urine 

samples from rats which received three different 24 h dietary treatm ents (normal, overnight 

fast or turkey diet) were discriminated based on their N M R and EESI mass spectra (17).

In addition to the changes that may result in m etabolic profiles following a chronic 

dietary intervention, acute dietary intake can also influence the spectral outputs in 

metabolomics studies. These influences may be strong enough to produce outlying samples 

on PCA score plots and may influence the results o f  some studies if  not identified and
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removed from the data. In a study investigating the metabolic effects o f  chamomile tea 

consumption, several outliers were identified following initial PCA analysis due to a high 

urinary TMAO excretion which resulted from fish consumption within 16 hours o f  sampling 

(18). Alcohol consumption on the day prior to sampling has also been reported as a cause o f 

outlying samples (6). The impact o f  other dietary components, such as phytochem icals is not 

yet known and therefore the main focus o f  the current study was to further our understanding 

o f  the impact o f phytochem icals on urinary composition.

Assessment o f  nutrient intakes for the twenty-one volunteers found no significant 

differences in their total energy, protein, carbohydrate and fat intakes between the three 

dietary treatments (ND, LPD and SPD). Fibre intake was lower during the LPD compared to 

the ND and SPD, but this only reached significance for females. This was not unusual due to 

the removal o f all fruit and vegetable type foods during the LPD. Fruit and vegetables were 

forbidden during the LPD and the SPD but 6 g/day o f  fibre was provided by the standard 

apple, carrot and strawberry drinks during the SPD. Vitamin C and carotene intakes for 

females were significantly lower during the LPD compared to the ND (P < 0.001) and SPD 

(P < 0.001). Potatoes were permitted during the LPD and may have been the main source o f  

vitamin C when other fruit and vegetables were removed from the diet. Carotene intakes 

were significantly higher during the SPD compared to the ND (males: P < 0.05, females P < 

0.001) and LPD (males: P < 0.001, females P < 0.001) and it is likely that the standard 

drinks were the source o f  carotene.

Distinct differences in the urinary metabolic profiles were observed following the 

removal o f fruit and vegetables from the diet (LPD) compared to either the ND or the SPD. 

Consultation o f the 'H  NM R PLS-DA loadings plots indicated that the separation in both 

models was associated with hippurate excretion during the SPD and N D  and by creatinine 

and methyhistidine excretion during the LPD. This indicates that hippurate excretion is 

associated with phytochemical intake and that appearance o f  these three metabolites in urine 

is subject to variation based on recent dietary intake. Hippurate is produced by the 

conjugation o f benzoic acid with glycine in the liver and it is then excreted in urine. There 

are two main dietary routes that yield the production o f  hippurate. One is by the 

consumption o f foods containing benzoic acid, which may be present naturally or added as a
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preservative, and the other is through the metabolism o f plant phenols by the gut microflora. 

Phenylpropionic acids are produced by the microbial degradation o f polyphenols in the 

colon and these are further metabolised to benzoic acids and finally hippurate in the liver (8). 

Consumption o f polyphenol rich foods (8) and drinks such as black tea, green tea (19-20), 

and chamomile tea (18) have all been associated with an increased excretion o f urinary 

hippurate.

Methylhistidine is produced by the catabolism o f the myofibrillar proteins actin and 

myosin. Urinary 3-methylhistidine concentration has been used as a marker o f myofibrillar 

protein turnover in human subjects (21) and although intestinal smooth muscle and dietary 

intake also contribute to urinary excretion, skeletal muscle turnover is thought to contribute 

to 50-80% o f urinary 3-methylhistidine excretion (22). Urinary creatinine is also related to 

muscle metabolism as it is produced from the breakdown of creatine phosphate. Creatinine 

excretion is related to body weight and has been proposed as a predictor o f fat free mass 

(23). One metabolomics study identified methylhistidine and creatinine as metabolites that 

contributed to differentiation between a high meat and vegetarian diet (14). The dietary 

records in the current study did not indicate that there were any differences in meat 

consumption and the nutrient analysis showed that there were no significant differences in 

protein or energy intakes across the study days. Therefore it is likely that the only difference 

between the diets was in their phytochemical content. It is possible that other dietary factors 

such as the glycemic load influenced energy metabolism and muscle proteolysis.

Multivariate data analysis o f the MS data produced parallel results, although the 

distinction between the LPD and SPD was not as strong (69 ± 4  % for the MS data compared 

to 83 ± 8 % for the NMR data). The MS models showed distinction between the diets 

containing phytochemicals compared to the LPD and this separation was also dominated by 

an elevated hippurate excretion following phytochemical consumption. Other ions remain 

unidentified.

The cross platform comparison o f the NMR and MS data showed that both methods 

produced compatible results and identified the same metabolites in the differentiation 

between the LPD and the SPD, as when the datasets were analyzed independently. Use o f
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this type o f  analysis in the future will provide a powerful means o f  analyzing data from 

m ultiple platforms. In addition, it may aid in the identification o f  unknowns from different 

platform s.

This study has provided an insight into the effects o f recent dietary intake on the 

outcome o f  urinary m etabolom ics analysis. The results indicate that varying phytochem ical 

consum ption can contribute to differences in urinary metabolic profiles. Therefore dietary 

standardisation or specific dietary restrictions during the 24 hours prior to urine collection 

may improve data interpretation by reducing the confounding effects caused by diverse 

dietary intakes among study populations.
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Table 4.1 Demographic Characteristics o f all subjects in the study

All subjects

Females

N= 1 2

Males

N = 9

Height (m) 1.63 ±0.06 1.82 ± 0 .0 7 "

Weight (kg) 60.6 ±6 .9 79.0 ± 11.8

'BMI (kg/m^) 22.7 ± 2 .6 23.8 ± 1.8

Age (y) 25 ± 2 26 ± 4

'BMI Body mass index

Data presented as mean ± standard deviation

 ̂P<0.001 P<0.05 (Independent t-tests)

121



Table 4.2 Nutrient intake o f  all subjects in the study

All subjects

N = 21

ND LPD SPD

Energy intake (M J/day) M ales (N = 9) 8.69±2.44 7.65±l.59 8.32±1.85

Females (IM = 12) 11.40±3.52 10.15±2.7I^ 10.09±2.76

Protein (% o f  total energy) 1 6 ± 5 1 8 ± 4 1 7 ± 4

Carbohydrate (% o f  total energy) 51 ± 10 5 0 ±  10 55 ± 8

Fat (% o f  total energy) 36 ± 9 34 ± 7 31 ± 7

*Fiber (g) 15.7±  12.6® 6.9 ± 3.2 12.4 ± 2 .9 "

Vitamin C (mg/day) 144.5 ± 148.6" 42.4 ± 3 8 .4 ^ I 5 5 .2 ± 3 5 .l"

Carotene (|ig/day) 3052 ± 2 9 5 4 " 425 ± 773*’ 7441 ± 130*̂

ND, normal diet; LPD, low phytochemical diet; SPD, standard phytochemical diet.

*Fiber calculated using the method o f  the Association o f Official Analytical Chemists

^Male energy intake significantly higher than female energy intake during the LPD at P < 0.05 based on Repeated M easures 

ANOVA.

Means not sharing a common superscript letter are significantly different at P < 0.05 based on ANOVA with Tam hane’s T2 post 

hoc tests.
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Figure 4.2 (a) Co-inertia analysis (CIA) o f nuclear magnetic resonance (NMR) and mass 

spectrometry (MS) urinary data. Arrows are numbered with the subjects' identification 

number. The grey arrows represent samples from the low-phytochemical-diet (LPD) group, 

and the black arrows represent samples from the standard-phytochemical-diet (SPD) group, 

(b) CIA metabolite plot for NMR urinary data. Each closed triangle represents an NMR bin. 

Hippurate metabolites are highlighted in black on the upper right and creatinine is 

highlighted on the lower left, (c) CIA metabolite plot for MS urinary data. Each closed 

triangle represents an MS ion. Again hippurate ions are highlighted on the upper right.
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Chapter 5

An investigation of urinary and plasma metabolomic 

profiles from subjects with the metabolic syndrome 

before and after a dietary fat intervention
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5.1 Abstract

Background: To date the application of metabolomics in human dietary intervention 

studies has not been extensive. In complex interventions, factors such as multiple and 

varied treatment groups or the collection o f samples at several centres may lead to an 

increase in the confounding influences on metabolic profiles.

Objective: To assess the application of metabolomics in the assessment o f biological 

samples from a group of Dutch and Irish individuals with the metabolic syndrome and to 

explore the effects of a dietary fat manipulation on their urinary and plasma metabolic 

profiles.

Design: 39 men and 21 women aged 35-69 y were selected from a larger EU integrated 

intervention trial called LIPGENE. Subjects were randomly and double-blindly assigned 

to one of four dietary treatments for 12 weeks: diet A: high fat (38 % energy) saturated 

fatty acid-rich diet; diet B: high fat (38 % energy) monounsaturated fatty acid-rich diet; 

diet C: isoenergetic low fat (28 % energy) high-complex carbohydrate diet with placebo, 

and diet D: isoenergetic low fat (28 % energy) high-complex carbohydrate diet with 1.24 

g/d LC n-3 polyunsaturated fatty acid capsules. First void urine and fasting plasma 

samples were collected pre- and post-intervention. Samples were analysed using 'H 

NMR, followed by multivariate data analysis and Oneway ANOVA. Plasma metabolic 

profiles were compared with the biochemical markers assessed in the primary LIPGENE 

study and *H NMR data was merged with fatty acid data for further data exploration. 

Results: Variation in the metabolomics data was high and differentiation of samples by 

age and gender was observed in the urinary data but not the plasma data. Urine from 

younger subjects and male subjects had higher levels o f creatinine and urine from female 

subjects had higher levels of trimethylamine-7V-oxide (TMAO) and citrate. A PLS-DA 

model for the diet B plasma 'H  NMR and fatty acid merged dataset showed an elevation 

of clupanodonic acid (C22:5 «-3), stearidonic acid (18:4 n-3), y-linolenic acid (18:3 n-6) 

and arachidonic acid (20:4 n-3) following the intervention. The predictive power o f the 

model was 71 %. A PLS-DA model of the plasma fatty acid data for diet D showed an 

increase in plasma eicosapentaenoic acid (EPA) and clupanodonic acid post-intervention, 

with a predictive power of 85%. No notable changes were observed in the urinary or 

plasma metabolic profile data following the intervention. Oneway ANOVA showed no 

significant differences between the changes in plasma biochemistry for the 4 diets, except 

for a significant (P < 0.05) increase in EPA following diet D compared to the other diets.
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Conclusions: This study demonstrated that metabolomics is a useful tool for 

characterising biological samples but failed to expose any major changes in either urinary 

or plasma 'H  NMR metabolic profiles following the dietary intervention. The merging of 

the plasma metabolomics and fatty acid data showed changes resulting from diet B that 

were not picked up when the datasets were assessed independently. Metabolomics may 

serve as a useful tool for exploring the global metabolic impact o f a dietary treatment and 

may yield successful results in a larger cohort with greater control o f acute dietary intake.
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5.2 Introduction

The employment o f metabolomics in nutrition research is a relatively recent 

approach with the past four years producing interesting insights into the nature of 

metabolic responses to dietary interventions, in both human and animal studies. 

Metabolomics is a metabolic profiling technique achieved by the holistic analysis of 

biological samples using high-throughput technologies coupled with pattern recognition 

statistics. The main technologies employed are nuclear magnetic resonance (NMR) 

spectroscopy and mass spectrometry (MS), which capture a broad range of metabolites 

constituting the metabolome (1). Pattern recognition analyses are then applied to the 

large spectral data-tables generated by these technologies in order to identify any changes 

or differences in the metabolic profiles. Due to this non-targeted approach, metabolomics 

is an ideal technique to explore the metabolic effects of a nutritional intervention, 

particularly when the health benefits of a particular food are not fully understood. It may 

be used to identify metabolites not previously known to be related to the intervention by 

providing new insights into the mechanistic actions o f specific dietary compounds or it 

may be used for the definition of metabolic phenotypes which could lead to the selection 

of a more homogeneous sample for an intervention.

In the first dietary intervention study to employ metabolomics Solanky et al (2) 

investigated the effects o f soy isoflavone consumption on the plasma metabolic profiles 

of healthy premenopausal women. Over an intervention period o f one month the women 

consumed 45 mg o f isofiavones per day which were incorporated into their basal diets in 

the form of textured vegetable protein. The study identified changes in plasma lipids, 

amino acids and carbohydrates following the intervention. The same group conducted a 

similar investigation in urine (3), and identified increases in urinary trimethylamine-A^- 

oxide (TMAO), methylamine and creatine coupled with decreases in urinary hippurate 

and creatinine following the isoflavone intervention. Another study investigated the 

effects of a two-week chamomile tea intervention on urinary metabolic profiles in males 

and females (4). Despite strong inter-subject variation, resulting mainly from dietary 

variation and gender, the pre- and post-intervention samples were differentiated by 

metabolomics analysis. The changes in the urinary metabolic profiles were detected by 

increased excretion of hippurate and glycine and reduced excretion of creatinine 

following the chamomile tea intervention. Stella et al (5) conducted a cross-over study in
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males, randomly assigned to high-meat, low-meat and vegetarian diets for 15-day 

intervention periods. Metabolomic analysis of urine samples collected following each 

diet indicated that meat consumption was associated with an elevated excretion of 

creatine, carnitine, acetyl-camitine and TMAO, and the vegetarian diet was associated 

with the excretion o f /?-hydroxyphenylacetate.

In another metabolomics intervention study, the effects of milk and meat-protein 

diets on serum and urinary profiles were assessed in 8 yr old boys (6). No major effects 

were observed in the serum profiles, apart from small increases in lipid resonances 

following the milk intervention. The urinary profiles indicated that decreased hippurate 

excretion was associated with the milk diet and increased creatine, histidine and urea 

w'ere associated with the meat diet. To date, most other human metabolomics studies 

investigating the effects of dietary change have focused on acute effects and immediate 

changes in metabolic profiles rather than any long term shifts in metabolic homeostasis. 

Such acute interventions include a randomised 2-day cross-over study of the effects of 

green tea and black tea (7) and an assessment of the acute effects of dietary 

phytochemicals (8) on urinary metabolic profiles. Nutritional metabolomics interventions 

have also been applied to animal models, including wholegrain interventions in rats (9) 

and pigs (10) and a life-long caloric restriction in dogs (11).

Nutritional interventions can be complex in design and often investigate beyond 

the simple comparison of pre- and post-intervention samples from a group of healthy 

subjects in a single geographical location or the comparison of a control versus treated 

group. It is important to explore the power of metabolomics in the application of these 

more complex interventions and in situations where the possibility of confounding 

influences on metabolic profiles are increased, such as in the collection of samples at 

multiple centres.

The current study was carried out on a sub-set of samples from an EU sixth 

Framework Programme integrated project called LIPGENE (www.ucd.ie/lipgene/). 

Involving 25 research laboratories across Europe, the LIPGENE project used a multi

disciplinary approach to examine how variation in dietary fat intake interacts with 

common genetic variations to influence the development of the metabolic syndrome. The 

metabolic syndrome is a condition that greatly increases an individual’s risk of
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developing type 2 diabetes and cardiovascular disease (12-15). It is characterised by the 

presence of cardiovascular risk factors such as dyslipidaemia, hyperglycaemia, elevated 

blood pressure and abdominal obesity (16). The prevalence of metabolic syndrome is set 

to increase and it has been estimated that, by 2010, 31 million Europeans will require 

treatment for the associated complications if preventative strategies are not implemented 

(17). In order to avoid the therapeutic and economic consequences of such increasing 

morbidities, research must endeavour to find solutions by exploring the aetiology and 

devising new treatment measures for the condition. The aim of the current study was to 

assess the application of metabolomics in the assessment of biological samples from 

individuals with the metabolic syndrome and to explore the effects of a dietary fat 

manipulation on their urinary and plasma metabolic profiles using this novel approach.

5.3 Methods

5.3.1 Study design

The LIPGENE cohort included 486 subjects, all with the metabolic syndrome as defined 

by the National Cholesterol Education Program (16). In the current investigation analysis 

was carried out on two of the participating centres, representing a subset of the 

LIPGENE cohort. All subjects from the Dublin and Maastricht centres were selected and 

included 59 volunteers (39 men, 21 women) aged 35-69 y. The diagnosis of the 

metabolic syndrome required the presence of three or more o f the following criteria: 

fasting blood glucose concentrations of 5.5 -  7.0 mmol/1, serum triacylglycerol (TAG) 

concentrations o f > 1.5 mmol/1, serum high density lipoprotein (HDL) cholesterol 

concentrations of < 1.0 mmol/1 in men and < 1.3 mmol/1 in women, blood pressure > 

130/85 mmHg and a waist circumference > 102 cm in men and > 88 cm in women. 

Exclusion criteria were the presence o f diabetes or other endocrine disorders, chronic 

inflammatory conditions, kidney or liver dysfunction, iron deficiency anaemia 

(haemoglobin <12 g/dl in men, < 11 g/dl in women), prescribed hypolipidaemic or anti

inflammatory medication, consumers of fatty acid supplements, antioxidant vitamins, red 

rice yeast or > two servings of oily fish per week and intense exercise training more than 

3 times per week. The subjects were randomly and double-blindly assigned to one of four 

dietary treatments for 12 weeks:
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A: high fat (38 % energy) saturated fatty acid-rich diet

B: high fat (38 % energy) monounsaturated fatty acid-rich diet

C: isoenergetic low fat (28 % energy) high-complex carbohydrate diet with

placebo, and

D: isoenergetic low fat (28 % energy) high-complex carbohydrate diet with 1.24

g/d LC n-3 polyunsaturated fatty acid capsules.

Assessment of anthropometry, blood pressure, blood lipoproteins, fatty acids, glucose, 

insulin, cytokines, adhesion molecules, coagulation factors and metabolomics analyses of 

plasma and urine were performed pre- and post-intervention by assigned members o f the 

LIPGENE consortium. The metabolomics analysis for the current study included urine 

from both centres and plasma from the Dublin centre. Subjects were required to maintain 

their baseline bodyweight within 2 kg throughout the intervention and a research dietitian 

conducted frequent consultations with each volunteer to achieve this. Extensive details of 

the LIPGENE project and a standard operating procedure for all analytical procedures 

can be obtained, with permission at www.ucd.ie/lipgene/. All subjects provided informed 

written consent and ethical approval was received in accordance with the Declaration of 

Helsinki.

5.3.2 Metabolomics sample collection

Subjects were instructed to collect a sample o f their midstream first void urine on the 

mornings o f the pre- and post-intervention assessment. They were provided with 

insulated ice-packs in which to store the samples immediately until they were received 

by the study investigator. Subjects arrived at the study centre following an overnight fast. 

Height, weight, waist and hip circumferences and blood pressure were measured before 

an intravenous carmula was placed into the antecubital vein of both forearms. A series of 

blood samples were collected for an investigation separate to the current study, although 

some of these biochemical analyses were used in order to further explore the 

metabolomics data. A single fasting plasma sample was collected in a 4 ml lithium 

heparin tube for metabolomics analysis pre- and post-intervention. In the current study 

the metabolomics analysis was carried out on all urine samples from both the Dublin and 

Maastricht centres (N = 59) and on a subset of the plasma samples (Dublin cohort, N = 

31). Metabolomics samples were centrifuged at 2500 x g for 10 min at 4 °C to yield the
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plasma and remove any suspended solids from the urine. The supernatants (500 ^1 

aliquots) were then stored at -  80 °C until 'H  NMR analysis.

5.3.3 ’H NMR spectroscopy

Urine samples were allowed to defrost at room temperature and 500 )j,L aliquots were 

added to 300 fiL phosphate buffer (0.2M KH2PO4, 0.8M KH 2 PO 4 , pH 7.4). The samples 

were centrifuged for 5 min at 5000 x g and 500 |j,l aliquots were removed. TSP (sodium 

trimethylsilyl proprionate) and 10% D2 O were added to each sample. All spectra were 

acquired at 298 K on a 500 MHz DRX NM R spectrometer (Bruker Biospin, Karlsruhe, 

Germany). Typically urine spectra were acquired with 32 k data points and 128 scans 

over a spectral width o f 8  kHz using a noesypresat pulse sequence.

Plasma samples were allowed to defrost at room temperature and 150 |j.L aliquots were 

added to 350 )̂ 1 D 2 O and 10 |j,L TSP. Typically spectra for plasma samples were 

acquired using a Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence with 32 k data 

points and 64 scans and water suppression was achieved during the relaxation delay (2.5 

s).

All 'H  NM R spectra were processed with the Bruker software using suitable weighting 

functions and were baseline corrected. The urine spectra were exported in regions o f 

0.001 ppm, excluding the region 4-6 ppm, and aligned using SpecAlign. Each spectrum 

was normalised to the sum o f the spectral integral. A total o f  7501 variables were 

obtained. A similar process was carried out for the plasma samples except the region size 

was 0 . 0 1  ppm giving a total o f 651 variables.

5.3.4 Assessment of the severity of baseline risk factors

As the metabolic syndrome involves a cluster o f cardiovascular risk factors with no 

unanimous definition for its diagnosis it is likely that among those that met the criteria 

for classification and inclusion in the study there was variation in the severity o f  their 

metabolic irregularities. In order to assess whether metabolomics analysis could 

differentiate between those with mild and severe risk factors all subjects were ranked 

according to baseline BMI, waist circumference, blood pressure, fasting plasma glucose.
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TAG and HDL concentrations. A score for each risk factor was calculated so that 

subjects could be assigned to tertiles o f  severity with 1 representing mild, 2 moderate and 

3 severe. The grading was as follows; BMI; 1 (25.0 -  29.9 kg/m^), 2 (30.0 -  39.9 kg/m^), 

3 (> 40 kg/m ), waist circumference; 1(< 102 cm for men and < 88 cm for women), 2 

(102 - 109 cm for men and 88-105 cm for women), 3 (> 110 cm for men and > 105 cm 

for women), blood pressure 1(< 130/85), 2 (< 140/90), 3 (> 140/90), glucose; 1 (< 5.5 

mmol/1), 2 (5.5 -  6.5 mmol/1), 3 (> 6.5 mmol/1), TAG; 1 (< 1.5 mmol/1), 2 ( > 1.5 

mmol/1), 3 (> 2 mmol/1), HDL; 1 (> 1 mmol/1 for men and >1 . 3  mmol/1 for women), 3 

(< 1 mmol/1 for men and < 1.3 mmol/1 for women) and HOM A (Insulin resistance index 

calculated by the homeostasis model o f  assessment (18)); 1 (<2), 2 { < 2 .1) and 3 (> 2.7). 

In addition a final grade was calculated to represent the overall severity o f  metabolic 

syndrome for each individual by calculating their total o f grades for waist circumference, 

blood pressure, fasting blood glucose, TAG and HDL concentrations. Based on their 

grades, subjects were then split into tertiles for each o f  the risk factors and the baseline 

metabolomics scores plots for the urine and plasma data were assessed for clustering 

patterns among tertiles or separation between the mild (tertile 1) and severe (tertile 3) 

grades.

5.3.5 Statistical analysis

The demographic characteristics and plasma biochemistry results for the Dublin and 

M aastricht cohorts were analyzed using SPSS for WINDOWS (version 12: SPSS Inc, 

Chicago, IL). Paired sample t-tests were used to assess differences between pre- and 

post-intervention samples. The change for each variable from pre- to post-intervention 

was calculated and One-Way ANOVA with appropriate Post Hoc tests, were used to 

compare the effects o f the 4 diets. Differences were considered significant at P < 0.05.

The ' h  NM R metabolomics data were examined with multivariate data analysis 

(MVDA) using SIMCA-P+ (version 10.0; Umetrics, Umea, Sweden). Both urine and 

plasma data sets were mean centered and analyzed with and without Pareto scaling. 

M ean centering subtracts the average value o f  each variable from the data and Pareto 

scaling gives each variable a variance numerically equal to its initial standard deviation. 

These methods o f  data pre-processing help to increase the importance o f low 

concentration metabolites without major amplification o f noise, making any relevant
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changes in metabolic profiles easier to identify. Principal component analysis (PCA), an 

unsupervised pattern recognition technique was applied to each dataset. This initial step 

was used to explore the data for outlying samples and data trends. Any trends in the data 

such as differences between groups were further explored using partial least-squares 

discriminant analysis (PLS-DA). All PLS-DA models were validated by removing 3 

samples at a time from the data and using these as a test set, the remaining data served as 

a training set. The training sets were then used to predict the classification of the 

unlabeled test-sets until all samples were tested. The average prediction powers of these
'y

validation tests are reported. The quality o f each model was judged by its R value 

(goodness of fit parameter, the fraction of total variation represented by the model) and 

Q value (the predictive ability parameter, the fraction o f total variation predicted by the 

model).

PCA and PLS-DA were also applied to the plasma fatty acid biochemistry data which 

was measured as part of the main intervention. Sixteen fatty acids were measured. The 

data was logged and mean-centered prior to analysis. In addition the plasma NMR data 

was combined with the logged fatty acid data to create a single dataset. The entire dataset 

was mean-centered and the NMR data was block-scaled to 1/V of each variable. PCA and 

PLS-DA were used to explore trends between the pre- and post-intervention samples for 

each diet.

5.4 Results

5.4.1 Demographic characteristics

The subjects’ demographic characteristics are shown in table 5.1. Weight, BMI, waist 

and hip circumferences were significantly lower in males, but not females, post 

intervention. Body composition and blood pressure measurements showed no significant 

differences for either gender. In addition, there was no significant difference in age 

between males (53.2 ± 10.3 y) and females (55.0 ± 10.2 y).

5.4.2 Plasma biochemistry and fatty acids

The results of the biochemical analyses o f plasma samples taken pre and post dietary 

intervention are shown in appendix 1. The changes in plasma fatty acids following the
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intervention are shown in appendix 2. These resuhs are from the subjects in the current 

cohort and are not intended to reflect the results from the entire LIPGENE intervention 

trial which was carried out on a much larger cohort. Oneway ANOVA showed no 

significant differences between the 4 diets, except for eicosapentaenoic acid (EPA) which 

changed significantly (P < 0.05) following diet D compared to the other diets (it 

increased from 0.0152 ± 0.0111 mg/ml to 0.0333 ± 0.0186 mg/ml). Tamhane’s T2 post 

hoc analysis showed that the change in EPA for diet D (0.0181 ± 0.0197 mg/ml) was 

significantly greater (P < 0.05) than diet A (-0.0022 ± 0.0159 mg/ml) but the degree of 

change was not significantly greater than diet B (-0.0013 ± 0.0136 mg/ml) or C (-0.0008 

± 0.0272 mg/ml).

5.4.3 Multivariate data analysis (MVDA) of 'H NMR urinary and plasma profiles

Initial PC A of the mean-centred 'H  NMR urinary data with and without Pareto scaling is
2 2shown in figure 5.1 (a) and (b) respectively. The mean-centred model had R and Q

2 2values of 54 % and 25 % respectively and the Pareto scaled model had R and Q values 

of 28 % and 23 % respectively. Visual inspection of these score plots in conjunction with 

the corresponding loadings and DmodX (distance to the model in the X data) plots and 

the 'H NMR spectra revealed 10 outlying samples, all o f which were from the Dublin 

cohort. DmodX plots indicate how well a sample fits the PCA model and they are used to 

identify moderate outliers that are not powerful enough to shift the model plane in the 

score plot. Four of the outlying samples indicated glucosuria, two contained alcohol 

(example shown in figure 5,2) and two contained trimethylamine-A^-Oxide (TMAO), 

indicating fish consumption prior to sample collection. Fish consumption was confirmed 

following consultation of the dietary records for both of these subjects. Another sample 

appeared to have a very weak concentration in comparison to all other samples and the 

final outlying sample was identified in the DmodX plot. These 10 outliers were 

subsequently removed from the urinary dataset.

Initial PCA of the mean-centred 'H NMR plasma data with and without Pareto scaling 

are shown in figure 5.1 (b) and (c) respectively. The mean-centred model had R^ and 

values of 79 % and 74 % respectively and the Pareto scaled model had R^ and values 

of 70 % and 62 % respectively. Both models indicated that two samples were positioned
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just outside the Hotelling’s elipse. The 'H  NMR spectra o f these samples presented no 

unusual features and therefore these samples were retained in the plasma dataset.

5.4.4 Exploration of baseline samples

Baseline urine and plasma samples were assessed for any trends that existed in the data 

prior to the intervention. PCA of all baseline urine samples showed no data trends in the 

urinary metabolic profiles when subjects were graded and split into tertiles o f severity 

according to their grades for BMI, waist circumference, blood pressure, glucose, TAGs, 

HDL, HOMA and combined metabolic syndrome criteria.

The Dublin cohort had an even distribution for age and gender but the Maastricht cohort

had 86 % of subjects over 50 y and 79% of subjects were male. Therefore, in order not to

bias the investigation for the effects of age, gender and centre on urinary metabolic

profiles, only the Dublin cohort were selected for the age and gender analysis, and only

the male subjects were selected to assess the differences between centres. PCA of the

urinary data showed a tendency for clustering by age and gender. These trends were then

further explored with PLS-DA. Figure 5.3 (a) shows a PLS-DA of 'H NMR urinary data
2 2of subjects <40 y and > 60 y from the Dublin cohort. The R and Q values of the model 

were 51 % and 50 % respectively. Although the sample size was quite small (N = 15), 

the model was validated and gave a predictive power o f 67 ± 4 %. Consultation of the 

loadings plot and ’h  NMR spectra indicated that differentiation between the samples 

from the younger and older group was dominated by a higher concentration of creatinine 

in urine samples from the younger individuals. Figure 5.3 (b) shows a PLS-DA model of 

'H NMR urinary data from the males and females of the Dublin cohort. The model had 

R and Q values of 50 % and 54 % respectively. The predictive power of this model was 

81 ± 3 %. Consultation of the loadings plot and 'H NMR spectra indicated that 

differentiation was associated with higher TMAO and citrate in the female urine and 

higher creatinine in the male urine. PCA of the urinary data from males only showed a 

tendency for clustering o f samples based on centre (Dublin and Maastricht), but the 

model had a Q‘ value of 28 % so this was too weak to draw any conclusions.

The plasma data showed clustering of each tertile in the PCA models for combined 

metabolic syndrome criteria grades and TAG grades but no trends were observed in the
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models for BMI, waist circumference, blood pressure, glucose, TAGs, HDL or HOMA 

tertiles. PCA models o f the first and third tertiles for combined metabolic syndrome 

criteria and TAGs are shown in figure 5.4. Separation of the tertiles o f metabolic 

syndrome criteria was lost with the removal of TAGs from the grading criteria, indicating 

the TAG grades were the main influence o f data separation. A PLS-DA model o f the 

plasma data grouped by TAG grades indicated differentiation between the first and third 

tertiles of severity with R and Q values of 76 % and 80 % respectively. Validation of 

the model indicated a predictive power of 100 %. No effect of age or gender was 

observed in the PCA score plot o f baseline plasma metabolomics samples.

5.4,5 Effects of the dietary intervention

Following the removal o f outliers, PCA was repeated to assess any changes in urinary 

and plasma metabolic profiles following the 12 week dietary intervention. The mean ± 

SD of the score values for each diet were calculated and are presented in figure 5.5. 

These plots depict substantial overlap in the metabolic profiles for each diet pre- and 

post-intervention, indicating that any changes resulting from diet may be difficult to 

decipher given the large SD values. Individual PCA of samples from each diet did not 

show any clear separation between the pre and post intervention samples for either urine 

or plasma (plots not shown). To further explore any possible differences between the 

metabolic profiles following each of the diets, MVDA were carried out on a combination 

of each diet pair for the post-intervention urine and plasma samples. The urine models 

did not yield any conclusive trends but some changes were observed in the plasma 

models. Figure 5.6 (a) and (b) show the PCA scores plots for diet pairs B versus C and B 

versus D respectively. For PCA of the diet B versus diet C model the scores plot of
'y

principal component (PC) 2 against PC 3 showed a tendency for separation (R 88% and 

69 %). For PCA of the diet B versus D model the scores plot of PC 1 against PC 3 

also showed a tendency for separation between diets (R^ 94% and 81 %). As these 

models contained only post intervention samples from two diet categories the sample size 

was reduced considerably, making validation impossible. Nevertheless, the trends are 

clear and warrant the expansion of the study to include samples from the full LIPGENE 

cohort.
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MVDA of the logged plasma fatty acid data showed no separation of pre- and post

intervention samples for diets A, B and C, but a validated PLS-DA model of the diet D 

data (figure 5.7) indicated differentiation between pre- and post-intervention samples 

with and values o f 58 % and 68 % respectively, and a predictive power o f 85 ± 3 

%. Consultation o f the PLS-DA loadings plot indicated that eicosapentaenoic acid (EPA, 

C20.5 n-3) and clupanodonic acid (C22.5 n-3) were the main fatty acids influencing 

separation and were associated with the post intervention plasma samples. The fatty acids 

more closely related to the pre-intervention samples were arachidonic acid (C20:4 n-3), 

docosahexaenoic acid (C22:6 n-3) and palmitoleic acid (C l6:1). MVDA of the merged 

plasma 'H  NMR and the fatty acid dataset showed no separation o f pre- and post-

intervention samples for diets A and C. PLS-DA models for diets B (R : 55 % and Q : 74
2 2%) and D (R : 43 % and Q : 15 %) indicated a trend for separation between the pre- and 

post-intervention plasma samples. Validation of both models indicated a predictive 

power of 71 ± 2 % and 47 ± 6 % for the diet B and D models respectively. The diet D 

model was disregarded due to its poor predictive power. Separation of the pre- and post

intervention samples for diet B were dominated by the loadings representing the plasma 

fatty acids, with clupanodonic acid (C22:5 n-3), stearidonic acid (18:4 n-3), y-linolenic 

acid (18:3 n-6) and arachidonic acid (20:4 n-3) linked to the post-intervention samples. 

The pre-intervention samples were more closely associated with the loadings 

representing docosahexaenoic acid (C22:6 n-3) and lactate (NMR peaks 1.32-1.34 ppm).

5.5 Discussion

In this study a metabolomics approach was taken to assess the urinary and plasma 

metabolic profiles of individuals with the metabolic syndrome before and after a 12-wk 

dietary fat intervention. A novel technique involving the merging of plasma 

metabolomics data with conventional biochemical measurements was also explored. The 

concept o f the LIPGENE intervention was inspired by the findings o f Vessby et al (19) in 

an earlier study which found that decreasing dietary saturated fatty acids and increasing 

dietary monounsaturated fatty acids improved insulin sensitivity in healthy subjects, but 

not in individuals with a high fat (>37 % energy) intake. As insulin resistance is the 

central factor in the aetiology o f the metabolic syndrome, the possibility that it could be 

alleviated through dietary means opens up huge possibilities for the prevention of 

metabolic syndrome. LIPGENE strived to investigate this and tested the hypothesis that
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changing the proportions o f dietary fatty acids may improve insulin sensitivity in 

individuals with the metabolic syndrome. To date the findings o f the LIPGENE 

intervention diets have not shown improvements in insulin sensitivity but analysis is 

ongoing. Although the beneficial effects o f n-3 fatty acids have been shown in insulin 

resistant animals (20), research has been less conclusive in humans (21 - 25). The final 

results o f the LIPGENE intervention may provide a deeper understanding o f  the role o f 

n-3 fatty acids in the health o f individuals with the metabolic syndrome.

The aim o f the current study was to explore the use o f  metabolomics as a vehicle 

to assess the effects o f  a dietary intervention in a subset (N = 59) o f the LIPGENE 

cohort. In retrospect, this may have been better exploited in an intervention study that 

showed a clear effect, but the ability o f metabolomics to enhance data investigation has 

nonetheless been demonstrated. M inor decreases were observed in the weight, BMI and 

waist and hip circumferences for males. Despite reaching significance (P < 0.05), these 

changes were not biologically relevant and were maintained within the acceptable limits 

o f the study. Therefore any biochemical or metabolic profile changes that occurred were 

more likely to be associated with the alterations in dietary fat intake. Following the 

intervention no effects were observed in the urinary metabolic profiles for this cohort but 

post intervention changes were observed in the plasma fatty acid profiles for diet B (high 

fat, 38 % energy, monounsaturated fatty acid-rich diet with placebo) and diet D 

(isoenergetic low fat, 28 % energy, high-complex carbohydrate diet with 1.24 g/d LC n-3  

polyunsaturated fatty acid supplement). Univariate examination o f  the plasma 

biochemistry indicated that the only significant (P < 0.05) change resulting from the 

intervention was an increase in plasma EPA following diet D. This indicates that the 

intervention was successful in terms o f  the n-3 polyunsaturated fatty acid supplement 

having an effect on plasma fatty acid composition.

In contrast to the plasma data, metabolomics analysis o f the urinary data 

highlighted several outlying samples, which were all from the Dublin cohort. The origin 

o f  the outlying samples was mainly related to recent dietary intake such as fish and 

alcohol consumption on the day prior to sample collection. The influence o f  acute dietary 

intake on urinary metabolic profiles has been reported previously (8, 26). High 

concentrations o f urinary TMAO (4, 27), ethanol (7, 26), mannitol and paracetamol 

glucuronide (27), resulting from acute metabolism o f exogenous compounds have been
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sighted as the cause o f outlying urine samples in human metabolomics studies. Unlike 

other bodily fluids such as plasma, the composition of urine is not under tight 

homeostatic control and is influenced by the removal o f waste products from the body. 

For this reason urine is a complex biofluid with a natural susceptibility to a varying 

composition. Previous studies have reported the extent of variation in human urinary 

metabolomic data to be high and that this variation can be reduced by the standardisation 

of dietary intake (26, 28). Fasting blood samples do not appear to have the same 

propensity for variation and dietary related outliers as urine (26, 28-29). In the current 

study mean-centering and Pareto scaling of the data gave comparable results and 

although the positioning of the outliers beyond the Hotelling’s ellipse was different, 

the main outliers were identified through both methods.

Differentiation of samples by age and gender was observed in the urinary data but 

not the plasma data for the same group. Differentiation between the subjects < 40 y and > 

60 y was associated with a higher concentration o f urinary creatinine in the younger 

group. This finding is consistent with other studies in which the effect of age on 

metabolic profiles was assessed (29-31). It is well recognised that muscle mass starts to 

decrease at approximately 1 % per year following the forth decade of life (32-33) and a 

decreased creatinine excretion in old age is most likely related to a decline in muscle 

mass (34). An age related decline in glomerular filtration rate is another possibility that 

may lead to a lower creatinine excretion in older individuals (35).

In the current study differentiation between the male and female urinary 

metabolic profiles was dominated by higher creatinine excretion in males and higher 

TMAO and citrate excretion in females. The higher creatinine excretion in males is most 

likely to be related to a higher muscle mass as creatinine excretion from muscle is 

approximately 1 g/20 g of muscle (36). This trend has also been observed previously in 

human metabolomics studies (29-31). In addition, the higher excretion of citrate by 

females is consistent with the findings of other groups (4, 29-31) but gender differences 

in TMAO excretion are less consistent. Citrate is a TCA cycle intermediate formed from 

the condensation o f oxaloacetate with Acetyl CoA and its excretion has been shown to 

correlate with circulating oestrogen levels (37). Slupsky et al (31) investigated the effects 

of gender, diurnal variation and age on urinary metabolic profiles from 60 healthy male 

and female volunteers aged 19 - 69 y. Discrimination between the urinary profiles by age
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and gender was associated with differences in energy related metabolites and no 

differences in male and female TMAO excretion was observed. Metabolomic analysis of 

urine from 122 male and female subjects by Psihogios et al (30) showed a higher 

excretion of creatinine, TMAO and taurine by males, and citrate, creatine and glycine by 

females. Kochar et al assessed the effects o f age, gender and BMI on the urine and 

plasma profiles of 150 healthy volunteers (29). Both biofluids produced PLS-DA models 

which represented differences between the samples for each classified group. Elevated 

plasma choline and citrate were associated with a lower BMI, whereas plasma creatine, 

creatinine, tyrosine, isoleucine and glycoproteines were higher in individuals with a 

higher BMI. In the current study BMI category did not appear to influence any separation 

of the plasma or urinary metabolic profiles but the present sample was more homogenous 

in terms of BMI (all subjects classified as either overweight or obese) and the sample 

size was more than 50 % smaller than the sample o f Kochar et al.

The PCA model of the urinary data from males alone showed a tendency for 

clustering of samples based on centre (Dublin versus Maastricht). The Maastricht sample 

was 79 % male and females were removed from the model to eliminate separation bias 

by gender. Due to the poor predictive power of the model (28 %) no conclusions could 

be drawn in relation to the effects o f centre differences on metabolic profiles and the 

introduction of a third centre would be necessary to appropriately explore this concept. In 

addition, differences between northern and southern Europeans could be assessed by 

analysis o f the ftill LIPGENE cohort. Differences in urinary profiles between British and 

Swedish subjects have been reported and were thought to result from higher fish 

consumption in Swedish subjects reflected by elevated TMAO excretion (27). Another 

study assessed the application o f metabolomics in epidemiology studies and found 

differences in the urinary profiles collected from subjects in China, Japan and the USA 

relating to diet, genetics and the gut microfiora (38). In addition, the collection of 

samples across centres introduces the possibility of discrepancy between lab techniques, 

sample handling environments and the use o f different technologies which may 

potentially impact any centre-specific differences in metabolic profiles. For this reason 

stringent adherence to standard operating procedures is vital.

As a means of exploring the baseline metabolomics data subjects were graded and 

split into tertiles for BMI, waist circumference, blood pressure, glucose, TAG, HDL,
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HOMA and combined metabolic syndrome criteria. No trends were observed in the 

urinary metabolic profiles but the plasma data showed separation of the tertiles for the 

TAG model and the combined metabolic syndrome criteria model. Further investigation 

revealed that clustering within the combined metabolic syndrome criteria model was 

driven by the subjects’ TAG values. This suggests that TAG levels have a strong impact 

on plasma metabolic profiles, which is to be expected, but perhaps warrants 

consideration when assessing plasma metabolomics data.

PCA of the plasma metabolomics post-intervention data showed a tendency for 

separation between diet B compared to diets C and D. However due to small sample sizes 

these models could not be validated. In addition, the novel approach of merging 'H NMR 

data with fatty acid data identified an effect from diet B, that was not observed when 

both datasets were assessed separately. PLS-DA of the diet B model for the merged 

plasma 'H NMR and fatty acid dataset showed an elevation o f clupanodonic acid (C22:5 

«-3), stearidonic acid (18:4 n-3), y-linolenic acid (18:3 n-6) and arachidonic acid (20:4 n- 

3) following the intervention. The accuracy of the model to classify samples as either 

pre- or post-intervention was 71%. These fatty acids are belonging to the linolenate series 

(n-6 family) of essential fatty acids, with the exception of y-linolenic acid (linoleate 

series/«-6 family). An expansion of the current study to incorporate the fiall LIPGENE 

cohort may be important to further explore the metabolic changes that were identified 

following diet B. A PLS-DA model of the plasma fatty acid data showed differentiation 

of the diet D pre- and post-intervention samples with a predictive power of 85% accurate 

classification. The model indicated that plasma EPA and clupanodonic acid increased 

following the dietary treatment. Clupanodonic acid (C22:5 n-3) is the intermediate fatty 

acid in the elongation of EPA (C20:5 «-3) to docosahexaenoic acid (DHA, C22:6 rt-3) 

and it is likely that these increased in response to the «-3 polyunsaturated fatty acid 

supplement provided to subjects on diet D (the supplement contained 20.3 g/100 g of 

EPA and 3.5 g/100 g of clupanodonic acid).

This study demonstrated that metabolomics is a useful tool for characterising 

biological samples but failed to expose any major changes in either urinary or plasma *H 

NMR metabolic profiles following the dietary intervention. There are a number of 

possibilities that may explain this. Firstly, the intervention itself did not yield any major 

changes apart from a significant increase in plasma EPA in response to the n-3
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polyunsaturated fatty acid supplement. Therefore if the intervention did not produce a 

substantial effect, changes in metabolic profiles can not be expected. Secondly, the 

sample size (N=59) for the current study may have been too small to detect metabolic 

profile changes resulting from 4 separate dietary treatments as the numbers became small 

for the analysis of individual groups by gender, diet or centre. Consequently, 

metabolomics can not be dismissed as a useful tool for exploring the global metabolic 

impact of a dietary treatment and may yield successful results in a larger cohort. A follow 

up to the current analysis, encompassing the full LIPGENE cohort may strengthen any 

data trends resulting from the diet, and this would be worth pursuing considering the 

need for preventative measures for the metabolic syndrome.
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Table 5.1 Demographic characteristics for the sample o f subjects (N = 59) selected from the LIPGENE cohort for the current study

Pre

Males 

N = 38 

Post

All subjects 

Pre

Females 

N = 21 

Post

Weight (kg) 99.4 ± 14.7 98.8 ± 14.6" 84.1 ± 12.2 83.4 ± 11.8

'BMI (kg/m^) 32.1 ± 4 . 4 31 . 9 ± 4 . 5" 31.8 ± 3 . 5 3 1 . 6 ± 3 . 6

Waist circumference (cm) 1 1 0 ±  11 i i o ±  i r 104 ± 11 102 ±  11

Hip circumference (cm) 107 ± 12 1 0 6 ±  12*’ 1 1 3 ± 9 1 1 2 ± 9

% body fat 29 ± 6 28 ± 6 44 ± 4 44 ± 4

% body lean 71 ± 6 72 ± 6 56 ± 4 56 ± 4

BP systolic (mm Hg) 1 3 6 ±  14 1 3 4 ±  14 138 ± 16 1 34 ±  14

BP diastolic (mm Hg) 84 ± 7 84 ± 9 86 ± 8 84 ± 4

'BM I Body mass index

Data presented as mean ± standard deviation

" P<0.001 ?<0.05 (Paired t-tests)
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Principal component analysis 

(PCA) scores plot of mean- 
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(b) 'H NMR urinary data of 

metabolic syndrome subjects 
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Figure 5.2 'H NMR spectra of urine from (a) an outlying sample compared to (b) a 

normal urine sample. The subject was detected as an outlier due to ethanol 

resonances (labelled) and confirmation of alcohol consumption was obtained from 

dietary records.
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Figure 5.3 (a) Partial least squares-discriminant analysis (PLS-DA) score plot of 'H NMR urinary data of subjects <40 y (■) and > 60 y (□) from 

the Dublin cohort (N = 15). (b) PLS-DA score plot of 'H NMR urinary data of males (■) and females (□) from the Dublin cohort (N = 31). The 

R^ and values for each model are shown on the plots. External cross-validation gave predictive powers of 67 ± 4 % and 81 ± 3 % for models 

(a) and (b) respectively.
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Figure 5.4 (a) Principal component analysis (PCA) score plot o f 'H NMR plasma data ranked according to the first (■) and third (□) tertiles o f 

combined metabolic syndrome risk factors (N = 19). (b) Principal component analysis (PCA) score plot o f 'H  NM R plasma data ranked 

according to the first (■) and third (□) tertiles o f triacylglycerol (TAG) concentrations (N = 20). The R and Q values for each model are shown 

on the plots.
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Figure 5.6 PCA scores plots obtained from 'h  NMR data of post-intervention plasma samples for diet pairs B (■) versus C (□) and B (■) versus 

D (o), shown in figures (a) and (b) respectively. The diets were: B; high fat (38 % energy) monounsaturated fatty acid-rich diet, C; isoenergetic

low fat (28 % energy) high-complex carbohydrate diet with placebo, and D; isoenergetic low fat (28 % energy) high-complex carbohydrate diet
2 2with 1.24 g/d LC n-3 polyunsaturated fatty acid capsules. R and Q values for each model are shown on the plots.



(a)
R2; 58 %, Q2; 60  %

c

o
Q .

Eo
O
(T)
9 .
O
C

000 I X100

<11

(b)

Principal Com ponent 1

CN

c
(D
C  0.00
O
Q .
E
oO
Tu
aoc

Q^«30;4<n-

^<9IW>

«0a2S<M0C18:2(fv

Principal C o m p o n e n t 1

Figure 5.7 PLS-DA scores (a) and loading (b) plots of the plasma fatty acid data from subjects on diet D (isoenergetic low fat (28 % energy) 

high-complex carbohydrate diet with 1.24 g/d LC n-3 polyunsaturated fatty acid capsules), pre (■) and post (□) intervention (N = 28). The 

loadings plot shows that eicosapentaenoic acid (C20.5 n-3) and clupanodonic acid (C22.5 n-3) were the main fatty acids influencing separation 

and were associated with the post intervention plasma samples. The and values for the model are shown on the scores plot. External cross- 

validation o f the model gave a predictive power of 85 ± 3.
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Chapter 6

General Discussion
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The aim o f this thesis was to contribute to the development o f novel 

metabolomics techniques in the field of nutrition research by assessing various sample 

collection methods and by exploring the effects o f acute and chronic dietary intake on 

biofluid metabolic profiles. An understanding of the effects of sample handling and 

environmental variation is important for the valid interpretation of metabolomics data 

because metabolite fluctuations resulting from these factors can make the elucidation of 

the true experimental findings more difficult (1 - 4). This thesis has shown that factors 

such as the time and method of sample collection, acute dietary intake, age and gender all 

influence the human urinary metabolic profile. Blood tends to be a more stable biofluid 

due to homeostatic control and plasma metabolic proflles showed a lower degree of 

variation in composition compared to urine. In addition, fasting plasma did not appear to 

be influenced by standardisation of acute dietary intake but it did show a response to a 

12-week dietary fat intervention when 'H  nuclear magnetic resonance (NMR) 

spectroscopy and fatty acid data were merged together. These trends were not observed 

when the datasets were analysed independently, indicating that novel metabolomics 

approaches may be useful for exploring the global metabolic effect o f dietary 

interventions.

To explore the effects of sample collection methods differences between (i) serum 

and plasma profiles, (ii) first and second void urinary profiles, (iii) chilled and un-chilled 

urinary profiles, and (iv) morning and night time urinary, and salivary profiles were 

assessed. In metabolomics studies plasma is often chosen over serum as it does not have 

the same risk of uncontrolled and incomplete clotting. However, in plasma preparation 

care must be taken in the selection of anticoagulant as some may produce spectral 

signals. Per-deuterated EDTA tubes are considered the optimal choice for 'H  NMR 

metabolomics sampling because this compound does not produce any spectral signals. 

These tubes are not yet available commercially but lithium-heparin tubes are 

recommended as the best second choice (3). In the current study lithium-heparin tubes 

were used. The findings suggest that serum and plasma are equally suitable for use in 

metabolomics and that heparinised tubes do not interfere with data analysis. However, it 

would not be recommended to combine serum and plasma metabolomics data as some 

minor differences have been reported previously (6). In addition, it is advisable to put the 

tubes on ice immediately following sample collection to inhibit further metabolic activity 

in the blood.
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The metabolic profiles for first and second void urinary samples were consistent 

and could not be differentiated with partial least squares-discriminant analysis (PLS- 

DA), but a principal component analysis (PCA) scores plot showed that the metabolic 

profiles of both voids were not exactly the same. Given that both urine samples from 

each individual did not produce exactly the same metabolic profile for each void, 

suggests that variation in urine is sensitive to collection time and that samples should be 

collected under consistent conditions, such as first thing in the morning. Some 

metabolomics studies have used 24-hour urine collection (7 - 8), but this method is more 

laborious and so far has not been shown to be superior. Differences in urinary 

concentrations can be adjusted for by data normalisation (9). Care should be taken to 

achieve consistency when collecting spot urine samples. This research also indicated that 

the severity of outlying samples was greater for second void urine compared to first void 

urine and even after removal of outliers the variation among samples was greater for the 

second void urine with a CV value o f 35 % compared to 25 % for the first void samples.

The urine samples that were chilled immediately following sample collection and 

those that remained un-chilled were not differentiated using PCA or PLS-DA. However 

visual inspection of the PCA scores plots did show that changes occurred in the un- 

chilled urine samples and that the extent of variation among those samples was greater. 

The 'H NMR spectra indicated that the un-chilled samples contained peaks 

corresponding to ethanol, suggesting bacterial fermentation in the time frame from 

sample collection to processing. In addition, PLS-DA indicated time dependent changes 

in urine and saliva samples, mainly resulting from creatinine in urine and acetate in 

saliva, with a predictive power o f 83% for urine and 75% for saliva to classify the 

samples as either night or morning. The current findings suggest that chilled samples of 

first void urine may be the most practical choice in human metabolomics studies. The 

utility of saliva in human nutrition research remains to be determined.

The effect o f acute dietary standardisation on human urinary, plasma and salivary 

metabolic profiles was assessed in chapter 3. The study found that consumption of a 

standard diet on the day before sample collection reduced inter-subject variation in the 

urinary metabolic profiles of healthy individuals but did not reduce variation in fasting 

plasma or salivary metabolic profiles. In this study any metabolic effects from 24 h 

dietary standardisation would have been acute and unlikely to influence endogenous
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metabolism. It appears that the enduring effect o f diet on plasma metabolic profiles may 

only occur when variation in nutrient intake alters the balance of many metabolic 

pathways to create a new homeostasis, therefore it was not surprising that dietary 

standardisation on the previous day showed no effect on fasting plasma. When the diet 

was not standardised, the metabolites that contributed most to variation in the urinary 

metabolic profiles were hippurate, creatinine and an unknown. Other metabolomics 

studies have demonstrated the impact of diet on urinary composition with variance in 

hippurate and creatinine also being reported (7 - 8).

Acute dietary influences may be strong enough to produce outlying samples on 

PCA scores plots and may influence the results o f some studies if  not identified and 

removed from the data. A high urinary trimethylamine oxide (TMAO) excretion has been 

shown to result from fish consumption within 16 hours o f sampling (1). In the current 

research, alcohol consumption on the day prior to sample collection has been identified 

as a cause of outlying samples. The impact of other dietary components, such as 

phytochemicals, is not yet known; therefore, the main focus of chapter 4 was to further 

the present understanding of the impact o f phytochemicals on urinary composition.

Distinct differences in the urinary metabolic profiles were observed following the 

consumption of a low phytochemical diet (LPD) for two days. Consultation o f the 'H 

NMR PLS-DA loadings plots indicated that the separation in the models was associated 

with hippurate excretion during the standard phytochemical diet (SPD) and the normal 

diet (ND) and by creatinine and methyhistidine excretion during the LPD. This indicates 

that hippurate excretion is associated with phytochemical intake and that the appearance 

of these metabolites in urine is subject to variation based on recent dietary intake. 

Multivariate data analysis of the mass spectrometry (MS) data produced parallel results, 

although the distinction between the LPD and SPD was not as strong (predictive power 

of the model: 69 ± 4 % for the MS data compared to 83 ± 8 % for the NMR data).

The novel application of co-inertia analysis produced a cross platform 

comparison of the NMR and MS data, illustrating that both methods produce compatible 

results. Use of this type of analysis in the future may provide a powerful means of 

analyzing data from multiple platforms using a systems biology approach. In addition, it 

may aid in the identification of unknowns from different platforms.
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Finally, in chapter 5, a metabolomics approach was taken to assess the urinary 

and plasma metabolic profiles o f  individuals with the metabolic syndrome before and 

after a 12-wk dietary fat intervention. A novel technique involving the merging o f plasma 

metabolomics data with conventional biochemical measurements was also explored.

In this study, the urinary data highlighted several outlying samples, which were 

mainly related to recent dietary intake o f fish and alcohol consumption on the day prior 

to sample collection. The plasma data showed no outlying samples. Differentiation o f 

samples by age and gender was observed in the urinary data but not the plasma data for 

the same group. Differentiation between the subjects < 40 y and > 60 y was associated 

with a higher concentration o f  urinary creatinine in the younger group. This finding is 

consistent with other studies in which the effect o f  age on metabolic profiles was 

assessed (10 - 12). In addition, differentiation between the male and female urinary 

metabolic profiles in this cohort was dominated by higher creatinine excretion in males 

and higher TMAO and citrate excretion in females. The higher creatinine excretion in 

males is most likely to be related to a higher muscle mass. These trends have also been 

observed previously, in human metabolomics studies (10 - 12), but reports o f gender 

differences in TMAO excretion are less consistent in the literature.

Following the intervention, subtle changes were observed in the plasma fatty acid 

profiles for diet B (high fat, 38 % energy, monounsaturated fatty acid-rich diet with 

placebo) and diet D (isoenergetic low fat, 28 % energy, high-complex carbohydrate diet 

with 1.24 g/d LC «-3 polyunsaturated fatty acid supplement). Some o f the metabolomics 

models for the post intervention diets indicated a trend for data separation by diet but no 

conclusions were assumed as these models only contained individual dietary groups for 

post intervention samples and were too small to validate. PLS-DA o f the diet B model for 

merged plasma 'H  NM R and fatty acid datasets showed an elevation o f  clupanodonic 

acid (C22:5 «-3), stearidonic acid (18:4 «-3), y-linolenic acid (18:3 n-6) and arachidonic 

acid (20:4 «-3) following the intervention. The accuracy o f the model to classify samples 

as either pre- or post-intervention was 71%. A PLS-DA model o f the plasm a fatty acid 

data showed differentiation o f the diet D pre- and post-intervention samples with a 

predictive power o f 85%. The model indicated that plasma EPA and clupanodonic acid 

increased following the dietary treatment. This study demonstrated that metabolomics is 

a useful tool for characterising biological samples but failed to expose any major changes
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in either urinary or plasma 'H  NMR metabolic profiles following the dietary 

intervention. However, many of the studies reviewed in chapter 1 have identified profile 

changes following interventions and metabolomics should not be dismissed as a useful 

tool for exploring the global metabolic impact o f a dietary treatment. A follow up o f the 

current analysis, encompassing the full LIPGENE cohort may strengthen any data trends 

resulting from the diet, and this would be worth pursuing considering the need for 

preventative measures for the metabolic syndrome.

This thesis has provided usefial information that will facilitate the adoption of 

optimal methods for sample collection techniques in future metabolomics studies. The 

current studies also provide an insight into the effects o f recent dietary intake on the 

outcome of metabolomics analyses. The results indicate that varying phytochemical 

consumption can contribute to differences in urinary metabolic profiles and that dietary 

standardisation or specific dietary restrictions during the 24 hours prior to urine 

collection may improve data interpretation by reducing the confounding effects caused 

by diverse dietary intakes among study populations. The application of metabolomics in 

a dietary intervention study has also been demonstrated and has highlighted some 

important issues with regards to variation in age, gender and the risk of data loss due to 

outlying samples. Finally, novel data analysis techniques such as the combining o f NMR 

and MS metabolomics data using co-inertia analysis, and the merging of NMR with 

plasma fatty acid data, has been successfully demonstrated.

The current research has yielded a useful insight into the application of 

metabolomics for assessing the effects of acute and chronic nutritional intervention on 

human metabolic profiles. However, many important questions remain to be answered: Is 

the metabolic profile response to an acute intervention, such as a metabolic meal 

challenge or an acute phytochemical intervention (as demonstrated in chapter 4), 

influenced by an individual’s chronic dietary pattern? It will be important to elucidate 

whether long term nutritional status sets homeostatic boundaries, thereby influencing the 

mode of metabolic response to various acute challenges on the human body. In addition, 

it will be important to determine the nature in which factors such as physical fitness and 

body composition influence metabolic profiles. These questions indicate the next steps 

that need to be taken in nutrition research to set a foundation of knowledge that will 

facilitate the development of nutritional metabolomics in the future.
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Appendix 1 Plasma Biochemistry

Diet A D

N = 15 N

Pre Post Pre

Glucose (mmol/1) 5.6 ± 0 .9 5.2 ± 0 .6 5.8 ± 0 .6

Insulin (|iIU/ml) 9.9 ± 5 .7 10.1 ± 7 .6 8.9 ± 4 .6

C-peptide (ng/ml) 2.7 ± 0 .8 2 .8 ±  1.1 2.5 ± 0 .9

CRP (mg/l) 7.3 ± 5 .2 6.6 ±4.1 4.4 ± 4 .8

IL-6 (pg/ml) 4.1 ±3 .1 4.1 ± 2 .5 3.7 ± 2 .5

TNF (pg/ml) 3.3 ± 2 .8 3.7 ± 2 .6 7.7 ± 14.9

sICAM (ng/ml) 290.4 ± 77.3 269.9 ± 4 3 .6 289 ± 8 5

sVCAM (ng/ml) 661 ± 134 6 5 8 ± 164 643 ± 134

Resistin (mg/l) 11126 ± 2 9 2 0 111 5 6± 3155 9846 ± 3001

Adiponectin (mg/l) 3.5 ± 2 .4 4.0 ± 2 .0 2.9 ± 2 .4

PAll (ng/ml) 58.3 ±29.1 56.1 ± 2 6 .5 50.1 ± 3 2 .0

tPA (ng/ml) 7 .7 ± 3 .1 7.7 ± 3 .6 9.4 ± 10.5

Fibrinogen (mg/dl) 345 ± 97 348 ± 89 3 3 2 ± 130

Leptin (ng/ml) I7 .4 ±  17.5 1 7 .6± 21 .5 27.7 ± 3 1 .4

TAG (mmol/l) 1 .96± 1.13 1.82 ± 1.06 1.48 ± 0 .6 0

Cholesterol (mmol/l) 5 .2 ±  1.1 4.9 ± 0 .7 5.0 ± 0 .9

NEFA (nmol/l) 754 ± 2 8 0 767 ± 2 1 7 728 ± 360

TRLtg (mmol/l) 0.94 ± 0.60 0.92 ± 0.72 0.75 ± 0.49

TRLc (mmol/l) 0.42 ± 0.30 0.48 ± 0.42 0 .3 0 ± 0 .1 9

LDL (mmol/l) 3.4 ± 1.0 3.2 ± 0 .8 3.2 ± 0 .8

14

Post

Diet C 

N = 15 

Pre Post

Diet D 

N = 15 

Pre Post

5.1 ± 0 . 8 “ 5.6 ± 0 .7

8.4 ± 4 .2 11.4 ± 5 .6

2.5 ± 0 .8 2.9 ± 0 .7

2.9 ±2 .3 6.0 ± 5 .3

3.4 ± 2 .7 3.9 ± 2 .5

6.1 ± 13.5“ 4.4 ±  1.7

3 2 7 ± 132 3 1 4 ±  108

654 ± 133 672 ± 139

10043 ±2388 10723 ± 5563

4.0 ± 2 .9 3.2 ± 2 .6

50.4 ± 28 .5 68.1 ±31.1

9.4 ± 9.4 8.3 ±3.1

288 ± 62 3 3 4 ± 102

24.1 ± 2 3 .8 19.9± 12.9

1.52 ± 0 .50 1.69 ±0 .73

5.1 ± 0 .9 5.1 ±  1.0

623 ± 264 591 ± 161

0.63 ± 0.32 0.83 ±0.51

0.28 ± 0 .16 0.35 ± 0 .1 9

3.1 ± 1.1 3.3 ± 1.0

5.1 ± 0 . 4 “ 5.9 ± 0 .9

12.8 ± 6 .9 10.1 ± 6 .2

2.9 ± 0 .9 2.8 ± 1.0

4.0 ± 3 .3 5.0 ± 3 .8

3.9 ± 3 .6 4.2 ± 2 .8

3 . 8 ± 2 . l 3.2 ±  1.6

3 0 2 ± 101 292 ± 65

6 6 6 ± 151 6 3 6 ± 177

11367 ± 4 2 9 0 11381 ± 2 3 2 8

3.6 ± 2 .5 2.9 ± 1.9

55.7 ± 3 3 .3 53.9 ± 3 9 .2

7.9 ± 2 .3 8.8 ± 5 .3

318 ± 7 7 301 ±60.1

17.1 ± 14.4 17.4± 15.4

1.69 ± 0 .8 7 2.01 ± 1.47

4.8 ± 1.0“ 5.3 ± 0 .8

5 7 8 ± 143 664 ± 249

0.83 ± 0.52 1.09 ± 1.03

0.39 ± 0 .3 2 0.49 ± 0 .4 0

3.1 ± 1.0 3.6 ± 0 .9

5.5 ± 1.4 

8.2 ± 4 .9

2.4 ± 0 .6

3.8 ± 2 .7

5.5 ± 3 .3

2.8 ± 1.7 

263 ± 5 5  

6 3 9 ± 158 

10253 ± 3380 

3 .7 ± 2 .1

72.5 ± 2 9 .9

8.4 ± 5 .6  

293 ± 8 1 .0  

17.4± 18.8 

1.51 ± 0 .4 4  

5.1 ± 1.0 

748 ± 3 5 7  

0.68 ± 0 .3 7  

0.34 ±0.21

3.5 ± 0 .9



HDL (mmol/1) 1.0 ± 0 . 2 1.0 ± 0 . 2 1.1 ± 0 . 2 1.1 ± 0 . 2 1.1 ± 0 . 2 1.0 ± 0 . 3 1.1 ± 0 . 3 1.1 ± 0 . 2 8

ApoA (g/1) 1.34 ± 0 . 2 5 1.33 ± 0 . 2 2 1.40 ± 0 . 2 3 1.44 ±  0.26 1.40 ± 0 . 2 0 I . 3 6 ± 0 . 1 8 1.38 ± 0 . 2 4 1.37 ± 0 . 2 7

ApoB (g/1) 1.03 ± 0 . 2 2 0.98 ± 0 . 1 9 0 . 9 6 ± 0 . 1 9 0.98 ± 0.20 0.98 ± 0 . 3 0 0.95 ± 0 . 2 8 1.02 ± 0 . 2 1 1.01 ± 0 . 2 4

Apo2c (mg/1) 43.5 ±  19.5 42.2 ±  12.6 38.7 ±  12.2 39.3 ±  13.2 40.7 ±  17.0 39.0 ±  11.6 46.9 ±  16.3 43.1 ±  14.3

ApoE (mg/1) 38.0 ±  16.2 34.9 ±  15.9 32.3 ±  7.4 33.3 ± 9 . 3 38.9 ±  6.0 39.7 ± 8 . 2 39.1 ±  17.3 33.4 ± 9 . 4

ApoB48  (mg/1) 0.73 ± 0 . 4 8 0.52 ± 0 . 3 5 0.39 ± 0 . 2 7 0.51 ± 0 . 3 7 0.52 ± 0 . 2 8 0.66 ± 0 . 41 0.67 ± 0 . 4 3 0.61 ± 0 . 3 4

TRLapo (mg/1) 55.4 ± 4 0 . 0 54.0 ± 3 3 . 5 3 1 . 8 ±  18.8 33.2 ±  15.7 38.8 ±  13.8 37.6 ± 22 .1 66.5 ± 55 .1 49.3 ± 2 7 . 9

Data presented as mean ± standard deviation 

® P<0.05 (Oneway ANOVA)

CRP, C-reactive protein; IL-6, interleukin-6; TNF, Tumor necrosis factor; sICAM, soluble ICAM-1; sVCAM, souble VCAM-1; PAI 1, Plasminogen 

activator inhibitor-1; tPA, tissue-type plasminogen activator; TAG, triacylglycerol; NEFA, nonesterfied fatty acid; TRLtg, triacylglycerol-rich 

lipoprotein; TRLc, triacylglycerol-rich lipoprotein; LDL, low density lipoprotein; HDL, high density lipoprotein; ApoA, apolipoprotein A; ApoB, 

apolipoprotein B; Apo2c, apolipoprotein 2c; ApoE, apolipoprotein E; ApoB48, apolipoprotein B48; TRLapo, triacylglycerol-rich lipoprotein 

apolipoprotein



Appendix 2 Change in plasma fatty acids following the LIPGENE 12-week dietary intervention

Diet A 

N =  15

Diet B 

N =  14

Diet C 

N =  15

Diet D 

N =  15

C l4:0 (mg/ml) 0.0060 ± 0.0292 0.0037 ±0.0357 0.0027 ± 0.0297 0.0106 ±0.0335

C16:0 (mg/ml) -0.0330 ±0.0617 - 0.2402 ± 0.0693 -0.0216 ±0.1600 -0.0072 ±0.1944

Cl 6:1 (mg/ml) 0.0002 ±0.0137 - 0.0048 ± 0.0378 0.0045 ±0.0154 -0.0020 ±0.0214

C l8:0 (mg/ml) -0.0055 ±0.0123 -0.0034 ±0.0145 -0.0037 ±0.0139 -0.0012 ±0.0137

Cl 8:1 (mg/ml) 0.0144 ±0.2759 0.0464 ± 0.2788 0.0284 ±0.1763 0.0808 ± 0.2720

C l8:2 n-6 (mg/ml) 0.0601 ±0.2871 0.0444 ±0.3071 0.0552 ±0.3588 0.1580 ±0.4493

C l8:3 n-6 (mg/ml) 0.0001 ± 0.0004 0.0001 ±0.0005 - 0.0002 ± 0.0003 0.0002 ± 0.0009

C l8:4 /7-3 (mg/ml) 0.0005 ±0.0018 0.0001 ±0.0009 -0.0001 ±0.0012 0.0013 ±0.0035

C20:l (mg/ml) -0.0003 ±0.0120 0.0014 ±0.0081 -0.0010 ±0.0053 0.0026 ± 0.0093

C20:3 n-6 (mg/ml) -0.0001 ±0.0077 - 0.0001 ±0.0041 -0.0013 ±0.0027 0.0016 ±0.0038

C20:4 n-6 (mg/ml) 0.0071 ±0.0671 -0.0103 ±0.1584 - 0.0200 ± 0.0534 0.0047 ± 0.0976

C20:4 n-2 (mg/ml) -0.0017 ±0.0035 -0.0006 ±0.0021 -0.0001 ±0.0033 -0.0010 ±0.0037

C20:5 n-3 (mg/ml) -0.0022 ±0.0159 -0.0013 ±0.0136 - 0.0008 ± 0.0272 0.0181 ±0.0197^

C22:4 n-6 (mg/ml) 0.0048 ±0.0157 - 0.0006 ± 0.0050 0.0010 ±0.0076 0.0037 ±0.0132

C22:5 n-3 (mg/ml) 0.0082 ± 0.0292 0.0015 ±0.0170 0.0066 ±0.0178 0.0155 ±0.0390

C22:6 n-3 (mg/ml) 0.0033 ± 0.0230 -0.0106 ±0.0254 - 0.0087 ± 0.0400 0.0080 ± 0.0276

Data presented as mean ± standard deviation, ® ?<0.05 (Oneway ANOVA)


