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Abstract 

Understanding the link between nutrition and health is one of the major 

goals of modern nutrition. Nutrimetabolomics is an “omics” science that 

studies the effect of diet through the metabolome. It is a powerful tool for 

exploring the relationship between nutrition and health. The aim of this 

PhD thesis is to contribute to the identification of biomarkers related to 

food consumption (biomarkers of intake) and their impact on health 

(biomarkers of effect).  

To achieve this goal, the human metabolome was studied by Nuclear 

Magnetic Resonance (NMR) after the intake of different food 

components (food, supplements and dietary patterns). Wine, 

dealcoholized wine and gin were used to evaluate the food matrix effect. 

Results showed metabolites from the food metabolome, endogenous and gut 

microbiota, pointing to a potential interaction between alcohol and gut 

microbiota.  

To study food exposure biomarkers, the predictive power in the wine 

interventional study concluded that a model combining two biomarkers 

(tartrate+ethyl glucuronide) has greater predictive power than the 

individual markers. Reproducible results also were shown in 

epidemiological data (AUC>90%). Furthermore, high cardiovascular risk 

individuals were stratified based on their clinical parameters. 

The effect of wine polyphenols intake in the metabolic phenotype for the 

two most discriminant clusters (“obese-diabetics” vs. “healthier”) was 

evaluated, and different excretion of gut microbiota metabolite 4-

hydroxyphenylacetate was observed. Concerning the dietary patterns, the 

metabolic footprint after 3-years follow-up with Mediterranean diet vs. 



III 

 

low-fat pattern was analyzed. Several metabolites (i.e. energy pathway-

metabolites), and dietary patterns association with certain metabolites 

were also observed.  

To assess the impact on health, a probiotic supplement was administered 

to breastfeeding women with mastitis. The reduction of inflammation 

(medical test) and voluntary desertion of pharmacological drugs was 

revealed in the urinary metabolome. This Doctoral Thesis presents 

different nutrimetabolomics strategies to study nutritional biomarkers and 

improve the understanding of their impact on human health. 
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HIGHLIGHT OVERVIEW AND IMPACT OF THE THESIS 

Understanding the role of nutrition in human health and disease is one of 

the major goals of modern nutrition. Metabolomics in the field of 

nutrition “Nutrimetabolomics” is a useful tool for the evaluation of the 

nutritional status of individuals, food consumption, or the biological 

consequences of following a nutritional intervention, as well as the 

possible detection of molecular perturbations induced by diet, and is able 

to predict potential health implications (Claus et al. 2013). 

Metabolomics differentiates itself from the other “-omics” families of 

sciences (such as genomics, transcriptomics and proteomics) by studying 

metabolites (small molecules) or sets of metabolites. Metabolites are the 

end result of genes, which directly reflect the behavior of cells or 

organisms at a phenotype level. Since variations occur in the primary 

metabolism within seconds, the metabolome is an incredibly sensitive 

measure of the immediate phenotype of an individual. It could be said 

that metabolites are the direct signatures of the biochemical activity of our 

organism (Patti et al. 2012). 

The metabolome, or the set of metabolites of an individual, is composed 

of different parts: (1) the endogenous metabolome, derived from the 

metabolism of cells and tissues that take part of an individual; (2) the 

"food metabolome", metabolites derived from digestion of essential and 

non-essential nutritional compounds from the individual (host) and gut 

microflora metabolism; (3) the "drug metabolome", xenobiotic 

compounds from derivatives of drugs, nutraceuticals, etc. and (4) the 

metabolic derivatives of environmental pollution the "pollutant 

metabolome" (Scalbert et al. 2014). Only the endogenous metabolome and 

food metabolome are influenced by diet. 
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Nutrimetabolomics is the discipline that studies how diet affects the 

whole metabolome (Zhang et al. 2008) and has been proposed as a 

powerful tool to explore the relationship between nutrition and health 

(McNiven et al. 2011).  

Like any exogenous component, the food metabolome, can influence and 

modulate the endogenous metabolome. The entire metabolome can be 

assessed by detecting changes in the concentrations of metabolites in 

biofluids (blood, urine, saliva, etc.). The Nuclear Magnetic Resonance 

(NMR) is an analytical technique widely used in metabolomics studies of 

nutritional assessment (Heinzmann et al. 2011; O'Sullivan et al. 2011; 

Rasmussen et al. 2012) and is  a robust, non-destructive and highly 

reproducible technique (Beckonert et al. 2007; Bothwell et al. 2011). Using 

NMR we can search for changes in the metabolome due to nutritional 

intervention studies and evaluate the resulting nutritional biomarkers. 

Nutritional biomarkers are any biochemical, functional or clinical 

indicators measured in biological samples. They reflect the nutritional 

status regarding intake or metabolism of dietary compounds and the 

biological consequences of  food intake (Potischman et al. 2003). 

Biomarkers of nutrition and health can be classified into two groups. (1) 

Biomarkers of intake/exposure (exogenous metabolites): bioactive 

compounds, food components, or group of foods that come directly from 

digestion, intestinal absorption and biotransformation. (2) Biomarkers of 

effect (endogenous): intrinsic biomarkers modulated by diet that show 

changes in biological response may cause or reflect physiological changes. 
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Given the need for an accurate assessment of intake, nutritional 

biomarkers of exposure can provide an objective measure of intake and 

nutritional status (Llorach et al. 2012). Nutrimetabolomics can be an 

important complement to conventional dietary data, which has its 

limitations and methodological errors.  

When studying nutritional biomarkers it is important to carefully validate 

each biomarker (Andersen 2013; Jenab et al. 2009). However, there are 

relatively few carefully validated food intake/exposure biomarkers 

(Hedrick et al. 2012; Scalbert et al. 2014). A proper biomarker assessment 

will consider specific, sensitive and reproducible biomarkers in several 

populations(Jenab et al. 2009). To evaluate the predictive power and 

accuracy of biomarkers as model predictors, receiver operator curves 

(ROC curves) are commonly used. They are an emerging strategy in 

evaluating the sensitivity and specificity in nutritional biomarker studies 

(Garcia-Aloy et al. 2014; Rothwell et al. 2014). 

Biomarkers of effect and health can be discovered using 

nutrimetabolomics by measuring metabolites that produce a biochemical 

and physiological change in the body. Nutrimetabolomics can further 

characterize the metabolic phenotype of individuals through detecting 

metabolic interactions with commensal bacteria and symbiotic intestinal 

microbiota, environmental and behavioral factors, including nutritional 

preferences. The comprehensiveness of nutrimetabolomics allows for 

both intra- and inter-individual variability studies before, during, and after 

nutritional interventions. 

This Thesis is focused on the study of nutritional biomarkers of intake 

and effect in intervention studies with a food, a food supplement or 

specific dietary patterns through the urinary metabolic fingerprint by 
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nuclear magnetic resonance. To measure the effect of biomarkers of 

intake, different fractions of wine were evaluated by measuring the alcohol 

and polyphenolic content. The predictive power of nutritional biomarkers 

has been determined by evaluating the sensitivity and specificity in 

interventional and observational studies. Similarly, biomarkers of effect 

were evaluated by studying the metabolites of a food, a probiotic food 

supplement and a long term intervention with three specific dietary 

patterns. Differential metabolic phenotypes were discovered in a 

population and the effect of nutritional intervention on these phenotypes 

was explored.  

The following Doctoral Thesis encompasses different strategies 

established in nutrimetabolomics (Llorach et al. 2012): (a) the assessment 

of nutritional intervention, (b) the dietary exposure and consumption 

monitoring of a food/food supplement or food group (nutritional 

pattern) (c) the phenotype and metabolic impact of diet on health. 
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The bibliographic background presented below is an introductory part to 

the doctoral thesis and places the thesis in its scientific context. First, 

metabolomics is presented as a whole and then the focus is placed on the 

two important concepts surrounding this thesis: nutrition and 

metabolomics. Both concepts lead to the term nutrimetabolomics. Within 

nutrimetabolomics, the concept of biomarker classification and 

biomarkers used in nutrimetabolomics will be discussed’. Then I must 

touch upon the basis on which the technique relies in order to better 

understand the operation and analysis with which the results of this thesis 

were obtained. Finally, to end this introductory section, the application of 

nutrimetabolomics in the search for biomarkers is presented. This 

application is illustrated through two examples given in two book 

chapters. In these, we look at a compilation of studies in which a number 

of biomarkers are exposed through nutrimetabolomic approximation. 
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2. 1. METABOLOMICS 

 

2.1.1 INTRODUCTION 
 

In this post-genomic era, which has seen the importance of assigning a 

function to each gene in order to find potential therapeutic targets and 

discover new biomarkers, the development of other “omics” sciences, 

such as metabolomics, has also taken place. 

“Omics” comes from the word “ome”, which in Latin means “massive”. 

There are currently over 200 disciplines containing this suffix, some 

examples of which are: genomics (concerning genes), transcriptomics 

(transcribed RNA), proteomics (proteins), metabolomics (metabolites), 

lipidomics (lipids), glycomics (oligosaccharides), fluxomics (flux maps), 

phenomics (cell or phenotype behavior) (Lindon 2007).  

 

There is a direct connection between metabolomics and phenotypes. 

Metabolites are the final products of genes and more directly reflect the 

behavior at a phenotype cellular level (Figure 2.1). Some of the ways in 

which metabolomics differ from other “omics” are (Kell 2006):  

 

 The number of genes in the human genome is 31,896 

(hhtp://eugenes.org/); with subsequent transcription and splicing 

processes it can produce about 106 different proteins (Oh et al. 2004). 

Moreover, there are currently about 7,000 metabolites detected in 

human biofluids (Wishart et al. 2013), although there may be 50,000 

compounds expected or likely to be present in those biofluids (Wishart 

et al. 2013). 
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 One problem in transcriptomics is that often it is difficult to relate 

changes in gene expression with the endpoints of the process, such as 

those used in the diagnosis of diseases or pharmacological evaluation. 

However, metabolic profile looks at the biochemical effects in an 

organism, and this represents a closer approximation of the actual end 

processes in the biological cascade (Lindon 2007). 

 Unlike a protein or transcript, a metabolite is the same in all 

organisms(Kell et al. 2005). 

 The metabolic profile is faster than proteomic and transcriptomic 

analysis. Furthermore, it has been estimated that metabolomic analyses 

are 2–3 times more economic than proteomic and transcriptomic 

experiments (Dunn et al. 2005). 

 Finally, the technology used in this field is very versatile and generic. 

 
 
Figure 2.1. Omics cascade. Genes and proteins are subject to mutation, 
epigenetic regulation processes and post-translational modifications, respectively. 
Metabolites are the final products of the cascade, and are closer to the 
phenotype. Adaptation of Patti et al. 2012. 
 

 

Often there is controversy regarding the use of the terms metabonomics 

and metabolomics. The term metabonomics was first formally defined 

in 1999 by J. Nicholson et al. (Nicholson et al. 1999) as the “quantitative 

measurement of metabolic multiparametric dynamic responses of living 

systems to pathophysiological stimuli or genetic modification.” On the 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_36
file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_18
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other hand, the term metabolomics was introduced by Oliver Fiehn 

(Fiehn 2002) with the following definition: “the comprehensive and 

quantitative analysis of metabolites in a system.” This indicates that while 

metabonomics focuses on changes in the levels of certain metabolites 

with the influence of external stimuli, metabolomics is the unbiased 

identification of metabolites in a biological system. Subsequently, in 2009 

D. Wishart added to the metabolomics definition: “the systematic study of 

a large number of low molecular weight metabolites generated by cellular 

processes under specific conditions” (Wishart 2009) taking into account 

the concepts of both aforementioned definitions. In fact, the 

methodologies superimpose one and other and the scientific community 

use both terms interchangeably. 

 

The information provided by both concepts gives us the term 

“metabolome,” defined as “the set of metabolites of low molecular 

weight (<1500 daltons) present in a biological fluid in a cell or organism, 

under some physiological conditions and/or certain perturbations (genetic 

variations, disease states or responses to external stimuli)”(Kell et al. 2005). 

Metabolome is composed of different parts or fractions: (1) “endogenous 

metabolome” – derived from the metabolism of the cells and tissues of the 

individual; (2) “food metabolome” – those metabolites derived from the 

digestion of essential and non-essential nutritional compounds, from the 

derivative of the individual metabolism (or host) and those from the 

intestinal microbiota; (3) “drug metabolome” – from xenobiotic compounds 

from drug derivatives, etc.; and (4) “pollutant metabolome” – derivative 

metabolism from the environment, pollution, etc. (Scalbert et al. 2014). 

Only the first two – the endogenous metabolome and food 

metabolome – are influenced by diet, and throughout this thesis we will 

pay special attention to these. 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_81
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2.1.2 FLOW CHART IN METABOLOMICS 
 

The workflow diagram commonly applied in metabolomics, once the 

hypothesis and the study design are established, is categorized by five 

main steps (Figure 2.2): 

 Sample collection and preparation 

 Data acquisition 

 Data analysis 

 Metabolite identification 

 Biological interpretation 

 

 

 
Figure 2.2. Flowchart showing metabolomics work process.  
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Here they are described in detail: 

 Biofluid collection and sample preparation  

There is a variety of biofluids used in metabolomic studies, such as urine, 

plasma, saliva, seminal fluid, amniotic fluid, cerebrospinal fluid, synovial 

fluid, digestive fluids, lung aspirates (Claus et al. 2013), with urine and 

blood being the least invasive (Gibney et al. 2005). In addition, fecal 

waters offer the possibility of studying the metabolites of the intestinal 

microbiota. 

Sample preparation consists of extracting the analytes from the biological 

matrix and bringing them into a format compatible with the analytical 

technique used, while removing components that will interfere in the 

analysis, etc.(Beckonert et al. 2007; Dettmer et al. 2007). Low-abundant 

metabolites require the inclusion of a preconcentration step in the 

extraction procedure to achieve the detection limits of the technique 

applied. The quality of the sample preparation is an important factor for 

the achievement of each analytical procedure; however, it should be noted 

that any kind of sample preparation will cause the loss of analytes.  

 Data acquisition: targeted and non-targeted approaches 

Two metabolomic approaches have been described for the acquisition of 

metabolomic data. The targeted approach (or metabolic profiling) 

enables us to quantitatively analyze a predefined metabolite group which 

belongs to a particular class of compounds or a metabolic pathway. 

Targeted approaches are increasingly complemented with non-targeted 

approaches, which, although providing qualitative or semi-quantitative 

information, have the potential to drive a marked increase in the 

identification of potential biomarkers.  

The non-targeted approach (or metabolic fingerprinting) aims to 

cover the metabolome as broadly as possible, detecting the maximum 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_7
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number of metabolites, including those previously unknown or poorly 

characterized. This provides us with an unbiased “pattern” of a disease, 

lifestyle or environmental conditions without knowing the represented 

metabolites. Thus, the non-targeted approach gives a wider but qualitative 

or semi-quantitative vision of the metabolome. This technique is a 

necessary tool in the search for biomarkers, and is the one on which this 

doctoral thesis is mainly focused. 

Metabolome includes a huge variety of endogenous and exogenous classes 

of compounds, with differences in size, polarity and compound 

concentration. Consequently, no single analytical method is able to 

represent in a unique snapshot such diversity. The most common 

techniques used in metabolomics for data acquisition are mass 

spectrometry (MS) and nuclear magnetic resonance spectroscopy (NMR), 

often applied in combination to extract as much information as possible 

from samples (Zhang et al. 2012). The first method is normally combined 

with other techniques, such as gas chromatography (GC-MS) or liquid 

chromatography (LC-MS), and this achieves high sensitivity in the 

analysis; the second technique has limited sensitivity but a high 

reproducibility of results. The combination of both analytical techniques 

provides greater information gathering and sensitivity analysis (Lanza et al. 

2010). 

 Data analysis, identification and biological interpretation 

Usually metabolomic studies generate huge amounts of data, which are 

subsequently treated by univariate statistical analysis (i.e. Student’s t-test or 

one-way ANOVA [parametric tests], Mann–Whitney, Wilcoxon 

[=nonparametric tests] etc.) or by multivariate methods, in order to 

improve the statistical power of the multidimensional data sets gathered. 

Several methods of multivariate data analysis are generally employed, 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_84
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including unsupervised and supervised strategies (Goodacre et al. 2004). 

Unsupervised methods, such as principal component analysis (PCA), and 

hierarchical clustering analysis (HCA), determine pattern sets according to 

their properties and without prior knowledge of the sample class, and are 

typically employed to identify clustering within a sample population 

(Madsen et al. 2010). Supervised methods such as principal component 

analysis and discriminant analysis (PCA-DA), partial least square 

discriminant analysis (PLS-DA), orthogonal least square discriminant 

analysis (OPLS-DA) or the orthogonal signal correction partial least 

square discriminant analysis (OSC-PLS-DA) are the most commonly used, 

being powerful statistical tools that use additional information on the data 

sets, such as clinical data, to determine similarities and differences 

between predefined classes of samples.  

Once a metabolite’s results are significant in the class differentiation of 

samples, the next step lies in its identification. Currently, the attempts to 

identify metabolites are supported by a series of analytical and 

computational approaches. The most used approaches in MS include the 

obtention of further structural information by additional experiments, 

such as tandem (MS/MS) or multiple (MSn) fragmentation experiments; 

with regard to NMR, two-dimension (2D) experiments such as COSY, 

TOCSY, HSQC, etc. are used; in both techniques structural comparisons 

are performed with authentic standards, when commercially available, or 

with information available in open-access databases (Cui et al. 2008; 

Degtyarenko et al. 2008; Fahy et al. 2007; Smith et al. 2005; Taguchi et al. 

2007; Ulrich et al. 2008; Wang et al. 2009; Williams 2008; Wishart et al. 

2013). Apart from these databases that correspond mainly to chemical 

compounds there are other databases corresponding to data metabolic 

pathways where these metabolites may be located and which help in the 
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biological interpretation of the results obtained (Frolkis et al. 2010; 

Kanehisa et al. 2006; Krummenacker et al. 2005; Pico et al. 2008). 
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2.1.3 NUCLEAR MAGNETIC RESONANCE: 

Background of the analytical technique 

Nuclear magnetic resonance is a technique mainly used in metabolomics for 

being a qualitative and quantitative, non-destructive and highly reproducible 

technique that allows detection of metabolites present in relatively high 

concentrations (µM-mM) in several biofluids (e.g.. urine, plasma, serum and 

saliva) and tissues (Beckonert et al. 2007). The main limitations of this technique 

are its lower sensitivity compared to MS and the fact that a greater volume of 

sample is required for analysis. One peculiarity of this technique is in the process 

of identification which benefits from the fact that most metabolites have a 

footprint characteristic or unique chemical shift, i.e. using NMR it is very 

difficult to find two compounds with the same characteristics (same number of 

peaks, identical chemical shift, peak intensities, coupling constant) (Wishart 

2009). Briefly, mass spectrometry is the separation of ions (positively or 

negatively charged mode) according to their mass / charge ratio (m / z). Like 

MS, NMR also has a number of disadvantages, for example: it requires extensive 

preparation for the extraction of metabolites, depending on the biological matrix, 

with the consequent possible loss of certain compounds in the process. The 

series of advantages and disadvantages for each technique are presented below. 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_7
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Table 2.1. Comparison of the two analytical techniques used in 

metabolomics 

 

NMR MS 

ADVANTAGE DISADVANTAGES ADVANTAGE DISADVANTAGES 

 Sample 

preparation 

quick and easy 

 Low sensitivity 

(lower detection limit: 

~1-5μM) and 

selectivity 

 Increased 

sensitivity 

(greater number 

of metabolites 

500–1000) 

 Need prior 

chromatographic 

separation (GC, LC) 

 No prior 

chromatographic 

separation 

 

 Relatively large 

sample volume 

(~500μl) 

 Small sample 

volumes 

 May require long 

sample preparation 

for metabolite 

extraction, depending 

on the biological 

matrix, this can lead 

to loss of compounds 

 Greater 

robustness, 

unbiased 

 No detection of 

inorganic salts and 

ions 

 Capacity to 

detect most of 

the metabolome 

 Destructive 

 High 

reproducibility 

 No detection of non-

protonated 

compounds  

 Very flexible  

Versatile. 

Enables direct 

solid analysis 

and in-vivo 

studies 

 pH controlled   

 Derivatization 

not required 

   

 Non-

destructive 

   

Adapted from Álvarez-Sánchez 2012; Wishart 2008; Wishart 2009. GC: gas 
chromatography; LC: liquid chromatography. 
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2.1.3.1 Physical fundamentals of analytic technique 

Nuclear magnetic resonance allows the detection in a sample of all 

compounds containing protons (1H). The proton is the nucleus most used 

in NMR due to its natural abundance (~99.985%), (Moco et al. 2007). 

Generally, metabolomic studies using NMR are highly reproducible and in 

many cases only a single analytical replica is needed for each time point 

(Beckonert et al. 2007). NMR has played a central role in understanding 

metabolism and metabolic processes for over 30 years (Wilson et al. 1974). 

In fact, both in vivo and in vitro experiments have been used  1H, 13C, 31P 

NMR in thousands of microbial, animal, or plant metabolism studies 

(Shulman et al. 2001). The initial use of NMR in these metabolic studies 

enabled NMR to be one of the first technologies adopted in the early days 

of metabolomics and metabonomics (Nicholson et al. 1999; Reo 2002).  

Nuclear magnetic resonance spectroscopy is based on measuring the 

absorption of electromagnetic radiation in a radio frequency of between 4 

and 900 MHz. In contrast to ultraviolet, visible and infrared absorption 

the nuclei of atoms are involved in the absorption process instead of the 

outer electrons. In order to achieve the nuclei energy states that make 

absorption possible, it is necessary to place the analyte in a strong 

magnetic field (Skoog 2007). The NMR technique uses radiofrequency 

waves to provide information on the magnetic cores. The term 

“spectroscopy” is used to describe any technique that uses 

electromagnetic radiation, and NMR spectroscopy is just one of a range of 

spectroscopic methods (Figure 2.3).  

 

file:///G:/partes%20Tesis%20def/english%20version/2.Antecedentes%20bibliograficos_to%20english.docx%23_ENREF_51
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Figure 2.3. Physical properties of the electromagnetic spectrum. (A) The 
electromagnetic radiation is packaged into photons. Each photon has an 
associated frequency ν, and wavelength, λ. Matter can absorb electromagnetic 
radiation only in discrete wavelengths, because the energy, E, of any radiation 
beam is related to the wavelength, λ, by a constant, h, in the formula E = h/λ. 
(B) Different regions of the electromagnetic radiation spectrum are used for 
different types of spectroscopy. UV: ultraviolet; Vis: visible; IR: Infrared; NMR, 
nuclear magnetic resonance (adaptation from Bothwell et al. 2011). 

 

The technique is based on the 1H on different molecules exhibiting 

different frequencies of absorption, therefore it measures the nuclear 

magnetism or the change in the nuclear magnetism of a molecule. 

Operation is conducted by measuring light absorption (radiofrequency 

waves, RF) due to changes in the orientation of the nuclear spins, and for 

this, large magnetic fields (300MHz, 400MHz, 500MHz, 600MHz, 

800MHz) are required. Each compound can be defined by a single 

characteristic pattern in the NMR spectrum. 
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The purpose of this technique is to determine the structure of organic 

compounds. It can be used to study nuclei with only an odd number of 

protons or neutrons (or both); this happens in the atoms of 1H, 13C, 19F 

and 31P. Such cores are magnetically active – i.e. possess spin – as 

electrons, as the nuclei have a positive charge and have a rotational 

movement about an axis, which makes them behave like small magnets. 

Therefore, these atoms are best used in NMR experiments, especially 1H 

because of its natural abundance. In the absence of a magnetic field the 

nuclear spins are randomly oriented (Figure 2.4a). However, when a 

sample is placed in a magnetic field, the nuclei positive spin is oriented in 

the same direction as the pulse energy in a state of minimum energy called 

spin state α, while negative spin nuclei are oriented in the opposite 

direction of the pulse energy in a higher energy state called spin state β 

(Figure 2.4b). There are more nuclei in the spin state α that in β, but 

although the population difference is not huge it is enough to establish the 

basis of NMR spectroscopy, which is the energy difference between the 

two spin states (α and β), depending on the strength of the applied 

magnetic field (H0). The higher the magnetic field the greater the energy 

difference between the two spin states, so large magnetic fields are better 

(Figure 2.4c).  

 

Figure 2.4. (a) Randomly oriented spins; (b) under magnetic fields, positive spin 
nuclei are oriented in the same direction as the energy (α spin), negative spin 
nuclei are oriented in the opposite direction to the energy applied in a higher 
energy state called state of β spin; (c) two spin states have the same energy when 
the external field is zero, but diverge as the field increases.  
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A tube containing an organic compound or mixture of compounds is 

rotated about its vertical axis, and the magnetic field is kept constant while 

being irradiated by a short pulse of intense radiation. At that time, the 

nuclei in the spin state of α tend to go to the state β. When the irradiating 

wave ceases, the nuclei return to their initial state by emitting RF waves 

whose frequency depends on the energy differences (ΔE) between the α 

and β states of spin. This RF signal is in the time domain; this means that 

the intensity of this frequency decreases with time as all the nuclei return 

to their initial state. This signal is called free induction decay (FID) and 

provides information on the irradiated sample. The FID can be detected 

with a radio receiver coil. Signal-free induction decay (intensity versus 

time) is contained in a computer. Once the FID is collected by Fourier 

transform, intensity versus time is mathematically transformed into 

intensity versus frequency, obtaining the common NMR spectra. (Figure 

2.5)(Bothwell et al. 2011). 
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Figure 2.5. Building free induction decays (FIDs) and one-dimensional (1D) 
spectra from the four common nuclear magnetic resonance (NMR) parameters. 
(A) Nuclei (filled circles), which have been excited to a high energy spin state will 
relax back over time (x axis) to a lower energy – ground – state through the 
emission of photons of electromagnetic (EM) radiation (wavy lines). (B) When 
these EM photons are summed over a population of relaxing atoms, the decay in 
the intensity of emitted EM radiation over time will produce a FID. FIDs may 
be described using four parameters: (1) intensity, (2) frequency, (3) half-life, or t 
1/2, and (4) phase. NMR is one of the few spectroscopic techniques that allows 
information to be extracted from all four of these parameters. RF– 
radiofrequency. (C) Using a technique called Fourier transformation, the FID, or 
plot of intensity versus time in the time domain, is converted into a plot of 

intensity versus frequency in the frequency domain. Bothwell et al. (2011). 

 

In fact, the nuclei, such as protons, or carbon, which forms organic 

molecules, are not isolated but are surrounded by electrons, which 

partially protect the external magnetic field to which they are subjected. 

Electrons move generating a small induced magnetic field that opposes 

the external magnetic field. The result of this is that the magnetic field 

actually reaching the core is weaker than the external field, thus it is said 
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that the core is protected or shielded. This shielding is very important 

from the experimental point of view because the effective magnetic field 

felt by a proton in a molecule is always smaller than the external field, and 

therefore the core between the said external resonance field should be 

greater. If all protons (1H) of an organic molecule were to be shielded 

likewise, they would all come into resonance with the same combination 

of frequency and magnetic field. However, protons exist within different 

electronic environments and thus are differently protected or shielded. 

Usually the protective effects, or shielding, of electron clouds surrounding 

each proton are different, which causes different broadcast frequencies. 

The result is a spectrum of different frequencies, where each set of 

specific nuclei gives rise to a single NMR signal. Thus an NMR spectrum 

is a plot of signal intensity versus frequency of electromagnetic energy that 

releases different nuclei in a sample. Variations in the frequency of NMR 

absorption, which occur due to the different shielding of the cores, are 

called chemical shifts (represented by the symbol δ; its unit is ppm). 

The most common reference compound in NMR for aqueous solutions is 

3- (trimethylsilyl) propanoic acid (C6H14O2Si), TSP. Another reference 

compound commonly used in NMR experiments is 4,4-dimethyl-4-

silapentane-1-sulfonic acid (DSS) acid. Because silicon is less 

electronegative than carbon, the methyl groups of TSP are relatively 

electron-rich, i.e. its protons are strongly shielded. As a result of such 

shielding, these protons absorb field intensity higher than protons bonded 

to carbon or other elements, so that almost all NMR signals appear at 

lower fields (left signal TSP). Furthermore, due to the symmetry of the 

molecule, all protons of TSP absorb with the same chemical shift, giving 

an intense and unique absorption. 

The most common chemical shift scale is the δ (delta) scale in which the 

absorption of tetramethylsilane (TSP) is defined as δ 0.00. Most absorbed 
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protons are under the TSP fields, so that the δ scale increases towards 

lower fields. For protons (1H), most of the signals vary between 0 and 12 

δ, while for 13C, signals vary between 0 to 250 δ. 

Another important term when identifying compounds in an NMR 

spectrum of the chemical shift, is multiplicity, the number of peaks of a 

signal. The multiplicity is given by n+1, where n is the number of 

equivalent unfolding a signal (Skoog 2007). The multiplicity in each 

chemical shift may be designated as: singlet (if it comes to a peak, s), 

doublet (if two peaks, d), triplet (3, t), quartet (4, q), [...], multiplet (several, 

m). Both chemical shift and multiplicity are characteristic parameters of 

each compound, i.e. each compound will have a chemical shift with a 

certain multiplicity, and this will give us information on what molecule it 

is. The distances between the peaks of multiplets give structural 

information. A distance between the peaks of a multiplet (measured in 

hertz) is called constant coupling between the magnetically coupled 

protons. This is symbolized as Jab, where Ha and Hb protons are coupled 

together. Constant coupling can help distinguish between the possible 

isomers of a compound. 
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2.1.3.2 Components of an NMR spectrometer 

The equipment consists of the following parts (Figure 2.6): 

1. A stable magnet that produces a magnetic field. The sample is inserted 

on the probe into the magnet. 

2. Radio frequency transmitter. A console controlled by a computer 

generates radio frequency pulses, which are applied to the sample. It also 

contains a detector to measure the absorption of radio frequency energy. 

3. A computer controls the console and records all parameters. 

 

Figure 2.6. Components of a nuclear magnetic resonance spectrometer. Adapted 

from Agilent 

(www.agilent.com/labs/features/2011_101_nmr.html). 
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To conclude this section, the longitudinal section (Figure 2.7) shows  the 

different parts of a nuclear magnetic resonance spectrometer. 

 

 

Figure 2.7. Longitudinal section of nuclear magnetic resonance equipment (400 
MHz equipment, Faculty of Chemistry, University of Alberta, Canada). To 
generate these high magnetic fields, it is necessary to use superconducting 
materials, and they must be cooled by helium (He) at temperatures around 4 K (-
269 ºC). Therefore, inside the unit there are two cooling jackets: one with liquid 
helium to cool the magnet and the other with liquid nitrogen (N2) for cooling the 
helium. RF: radio frequency. 
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2.2 NUTRIMETABOLOMICS: STUDY OF 

BIOMARKERS AND NUTRITIONAL 

PROFILES 

 

2.2.1 NUTRIMETABOLOMICS 

 

The application of metabolomics in nutrition research, 

nutrimetabolomics, is newer but no less promising compared with other 

and further explored fields such as pharmacology and toxicology. 

Nutrimetabolomics has been proposed as a powerful tool with which to 

explore the relationship between nutrition and health (Llorach et al. 2012). 

It focuses on the evaluation of the metabolome related to diet (“food 

metabolome”), both exogenous as well as endogenous, with the aim of 

identifying potential biomarkers of food intake both acutely and 

chronically, and the effect of dietary intervention (Gibney et al. 2005; 

McNiven et al. 2011; Oresic 2009). 

 

2.2.1.1 Nutritional studies 

I. Interventional studies (acute /medium-long term) 

In intervention studies individuals consume food in a single intake (acute 

studies) or repeated intake over a period of time (studies of medium or 

long term), from a few days to 6 months or more (Scalbert et al. 2014). 

The biofluid to be analyzed is collected after the ingestion period up to 

24h post-intake. One limitation of short-term interventions is that the 

food analyzed in the study population may not be specific enough, as 

ordinary diets may include other foods containing precursors of this 

biomarker. It has been shown in a cross-sectional study from an overall 
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diet intervention study that only 23% of potential biomarkers observed in 

previous studies were verified (Andersen et al. 2014a).  

II. Cohort/observational studies 

In addition, observational cohort studies can play an important role in 

the search for biomarkers. In these studies, low (or non-consumers) and 

high consumers (or regular consumers) are compared from data provided 

from food frequency questionnaires or other dietary tools. Comparing 

these groups allows the identification of biomarkers that reflect the 

habitual consumption of the food to be studied. Despite the potential of 

cross-sectional studies to search for biomarkers, it has to be taken into 

account that many foods are or can be highly correlated, thus there may 

be a risk in identifying a biomarker before its identity and specificity in 

that food have been established (Scalbert et al. 2014).  

Table 2.2 Comparison of different types of nutritional trials. Adaptation 

of Jenab et al. 2009; Pujos-Guillot et al. 2013; Scalbert et al. 2014. 

 Acute 
intervention 

study 

Medium/long-term 
intervention study  

Cohort 
study 

Level of control 
of the diet 

+++ ++ + 

Number of 
discriminant 
metabolites 

+++ ++ + 

Heterogeneity of 
the population 

+ ++ +++ 

Risk of false 
discoveries 
(correlations 
between foods) 

+ ++ +++ 

 
Pharmacokinetics 

Pharmacokinetics 
metabolite stability 

Insufficient 
specificity 

 
  

Validation in 
intervention 

studies 

+++: maximum; +: minimum. 
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2.2.1.2 Types of nutritional components for the study of 

biomarkers 

Nutritional metabolic profiles depend on the nutritional component 

assessed; therefore, we can evaluate several kinds of nutritional 

components as the following:  

I. Bioactive compounds  

Plant foods contain a collection of bioactive compounds, which have 

been extensively studied for their potential health effects (Hooper et al. 

2006), including phenolic compounds (polyphenols, which are divided 

into different classes, such as flavones, flavonol, flavan-3-ols, isoflavones, 

flavanones, anthocyanidins and lignans), plant sterols and stanols, 

salicylates and glucosinolates (Hooper et al. 2006; Manach et al. 2009). 

Some studies on these compounds from a metabolomics approach, in 

terms of polyphenols and phenolic compounds are, for example, tea 

polyphenols (Daykin et al. 2005), grape and wine (Jacobs et al. 2012; van 

Dorsten et al. 2010; van Velzen et al. 2009; van Velzen et al. 2008) and soy 

isoflavones (Solanky et al. 2005; Solanky et al. 2003). Similarly, another 

study conducted a metabolomic dietary intervention with a beverage 

enriched with plant sterols (Szymańska et al. 2012a). In another example, 

an acute study revealed changes in the metabolomic profile in humans 

after consumption of a beverage consisting of apple, carrots and 

strawberries (dietary phytochemicals) (Walsh et al. 2007).  

It is important to study these bioactive compounds in isolation in order to 

observe/discover their effect on health, but also, as these compounds are 

not isolated in, but are a part of our food, and therefore may interact with 

other compounds from food in which they are favorable (synergistic) or 
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unfavorable (antagonistic), in addition to their effect on the food matrix in 

which they are found, it is also necessary to study the way that we eat 

them in terms of a complete diet. 

II. Individual foods 

Therefore there have been acute intervention metabolomic studies, 

medium / long and observational studies to identify the presence of 

specific biomarkers of food or monitoring changes in concentrations of 

metabolites related to diet. To date, the application of metabolomics has 

identified a number of biomarkers of the intake of certain foods, including 

salmon and red meat, whole grains, wheat, strawberries and raspberries, 

cruciferous vegetables, broccoli, onions, citrus fruits, drinks- such as 

coffee, tea, chamomile, wine, cocoa-, nuts (walnuts, almonds, hazelnuts), 

and dietary fiber (Scalbert et al. 2014). 

III. Food supplements 

Food supplements are food products intended to supplement the food 

intake of a normal diet, because even though under normal circumstances 

a proper and balanced diet provides all the nutrients necessary for the 

normal development and maintenance of a healthy body, research shows 

that this ideal situation does not occur in practice for all nutrients, or for 

all population groups. Food supplements may consist of vitamins, 

minerals (Real Decreto 1487/2009), fatty acids, amino acids and other 

nitrogen compounds, peptides and enzymes, flavonoids and carotenoids, 

nucleotides, polysaccharides and oligosaccharides, and other substances 

such as wheat germ, pollen, royal jelly, brewer’s yeast, soy lecithin, 

propolis, or encapsulated pre- and probiotic compounds (Annex 

expansion “Real Decreto” 1487/2009).  
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There are several metabolomic studies concerning food supplements with 

vitamins. In an intervention study, wheat flour fortified with folic acid + 

Vitamin B1, B2, ferric sodium edetate and zinc (Jiang et al. 2011) was used 

for 8 months in women of reproductive age to reduce the risk of neural 

tube defects. Other studies involved supplementation: vitamin D 

(O’Sullivan et al. 2011a); vitamin E (Johnson et al. 2012), betaine (Kim et 

al. 2008), polyunsaturated fatty acid supplementation in the form of fish 

oil capsules (Rudkowska et al. 2013), and amino acid supplementation (in 

pigs) (He et al. 2009).  

Probiotics are  “live microorganisms that when administered in adequate 

amounts confer a health benefit on the consumer” according to the 

WHO/FAO (WHO/FAO 2002) . Generally a probiotic product with 

<106 to 108 CFU/g >106-1010 CFU/day of viable cells is considered to be 

clinically effective. However, no cell count levels have been established to 

ensure a healthy effect (Champagne et al. 2011). To be called probiotic a 

microorganism must meet the following criteria: 1) The culture can be 

grown on an industrial scale; 2) It can survive during production and 

storage; 3) It can tolerate the environment in the stomach of the host; 4) 

It exercises a positive health effect on the consumer (WHO/FAO 2002). 

Some of the genera used in probiotic products are: 1) lactic acid bacteria 

(LAB): Lactobacillus, Bifidobacterium, Streptococcus; 2) bacteria that are not 

lactic acid producers, Bacillus, Propionibacterium; 3) non-pathogenic yeast: 

Saccharomyces; 4) non-spore-forming bacilli and non-flagellated or 

Coccobacilli. 

Probiotics can be supplied as food or as a dietary supplement (capsule, 

powder, etc.). There have been several clinical studies on the effect of 

probiotics (e.g. Homayoni Rad et al. 2012). A metabolomic example of 

this, using NMR, is a study of the feces of 16 subjects during the 
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administration for one month of a probiotic complex based on 

Lactobacillus acidophilus, Bifidobacterium longum and symbiotic 

fructooligosaccharides (Ndagijimana et al. 2009). Another study of 

probiotic supplementation of Lactobacillus rhamnosus (NCC4007) was 

performed in different organs or compartments in mice to see the effect 

on the intestinal microbiota (Martin et al. 2009). 

IV. Dietary patterns 

Every day we eat a variety of foods together, not just one single food or 

nutrient. To date, most metabolomic studies focus on analyzing a single 

food or food supplement, but there is growing interest among researchers 

in studying the complete diet of individuals, characterizing dietary intake 

and eating patterns, in order to determine characteristic biomarkers or to 

discriminate the type of diet and see its effect on health. In this field, 

metabolomic biomarkers may be useful to reflect these eating patterns.  

One of the earliest studies in metabolomic analysis, which tested dietary 

modulation and metabolomic differences between several types of diet, 

were conducted by Stella and co-workers (Stella et al. 2006), where in an 

intervention study over a period of 15 days, the changes in the urinary 

metabolome of three types of diets – vegetarian, low meat content and 

high meat content – were evaluated. Other examples in the study of eating 

patterns by metabolomic analysis have been performed by Andersen et 

al.(2014b), who used an undirected metabolomics approach as a tool for 

the detection of dietary patterns between the average Danish diet and a 

Nordic diet. Xu et al. (Xu et al. 2010) performed a metabolomics analysis 

comparing a population consuming an omnivorous diet with another that 

underwent a dietary intervention with a lacto-vegetarian pattern, 

consisting of 480 g/day of vegetables, 350 g/day of fruit (including 
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juices), 360 g/day of tofu or soy foods, 220 g/day of milk, 240 g/day of 

mushrooms, and 350 g/day (women) or 600 g/day (man) of rice, while 

also comparing men and women. May et al. studied the metabolic profile 

in individuals after a nutritional intervention rich in phytochemicals 

(citrus, cruciferous vegetables, soy) versus a fruit- and vegetable-free 

(basal) diet (2013). An intervention study focusing on a diet rich in 

cruciferous was conducted by Andersen et al. (2013), and showed that one 

can find specific markers of exposure to certain foods even as a part of 

complex diets. 

Observational studies have identified multiple metabolites which 

discriminate types of dietary patterns, especially in Western dietary 

patterns (characterized by a high intake of meat). A study conducted by 

O’Sullivan et al. ( 2011b) analyzed the dietary patterns of 135 individuals 

by classifying the population into groups of individuals (or clusters), 

resulting in three groups differentiated by their nutritional intake profile 

reflected in their urinary metabolome. Peré-Trepat and colleagues also 

developed a strategy for evaluating differences between dietary data from 

food frequency questionnaires and metabolomic profiles (Peré-Trepat et 

al. 2010). In this case, dietary patterns were defined by multivariate 

analysis and metabolites associated to dietary patterns were identified in 

individuals who consumed an animal-based diet vs. a vegetable-based diet. 

Bouchar-Mereier observed a positive correlation between Western diet 

patterns and a set of amino acids and short-chain acylcarnitines 

(Bouchard-Mercier et al. 2013). In a UK adult twins study, the pattern of 

fruit and vegetables was significantly correlated with several metabolites in 

the glycerophospho- and sphingolipids routes; additionally, a pattern of 

low energy diet was also identified (Menni et al. 2013). In one of the most 

comprehensive studies to date, Floegel et al. used a multivariate regression 
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model called “reduced rank regression” (RRR) to produce dietary patterns 

that explained the maximum variation of different metabolites (Floegel et 

al. 2013). Another example is provided by Altmaier et al., who identified 

seven dietary patterns (2011); the results showed that certain dietary 

patterns were highly associated with blood metabolite concentrations; the 

study also defined the concept of a “healthy” diet: rich in fish, chicken, 

rice, cooked vegetables and fresh fruit, yogurt, cheese and milk, and low 

levels of meat and “snacks,” associated with low levels of saturation from 

fatty acids of glycerophospholipids. These studies provide good evidence 

of the potential of the application of metabolomics to define a profile of 

biomarkers that reflect a regular dietary pattern. 
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2.2.2 NUTRITIONAL BIOMARKERS 

Biomarkers are defined by the National Institute of Health (NIH) working 

group in the United States as the characteristics measured objectively and 

evaluated as an indicator of normal biological and  pathological processes 

and biological responses to therapeutic interventions (Group. 2001). 

Metabolites play an important role in systems biology approaches 

compared with classical and traditional clinical diagnostic biomarkers, and 

offer potential advantages in sensitivity and specificity (Monteiro et al. 

2013), which supports the viability of a metabolomic approach in the 

search and discovery of new biomarkers.  

 

2.2.2.1 Biomarkers for nutrition:  

Effect of digestion, metabolism and intestinal microbiota 

The use of nutritional biomarkers can be used as a measure of nutritional 

status and exposure to food bioactive compounds; as an indicator of food 

intake; and as validation of nutritional intake measures. Biomarkers are 

also useful when there are limited data on food composition.  

I. Types of nutritional biomarkers 

 Biomarkers of intake /exogenous biomarkers 

The food metabolome is defined as that part of the human metabolome 

that comes directly from the digestion, intestinal absorption and 

biotransformation of foods and their constituents either by the action of 

human tissues (host metabolism) and/or the intestinal microbiota 

(microbial metabolism) (Scalbert et al. 2014). More than 25,000 are known 

compounds belonging to food, the majority being metabolized in the 
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body after ingestion. Biomarkers detected in metabolome from the 

consumption of a particular food or food pattern are biomarkers of food 

intake or exogenous biomarkers.  

 Biomarkers of effect / endogenous biomarkers 

Furthermore, NMR-based metabolomic approaches can also detect 

endogenous compounds that have been modulated by food intake, food 

patterns, etc. and provide us with information on the physiological state 

of the organism (Rezzi et al. 2007). Therefore those metabolites routinely 

found in biofluid but whose excretion has been modified by a dietary 

intervention, are called biomarkers of effect or endogenous 

biomarkers. For example, green tea intake has been shown to cause an 

immediate change in the concentration of related metabolites from the 

tricarboxylic acid cycle (TCA), glucose and amino acids metabolism (Law 

et al. 2008). NMR in this case, is a very suitable technique as it can 

regularly detect many endogenous compounds normally present in urine 

(Bouatra et al. 2013). The presence of several endogenous components of 

a single metabolic pathway can be very helpful for biological 

interpretation when an evaluation of the effect of a dietary intervention, 

food delivered or the dietary pattern in the body is required. The map 

below shows some examples of both kinds of metabolites, those assigned 

to metabolic pathways (endogenous), and those from food (exogenous), 

which were detected after three different dietary interventions, and the 

possible connections that can exist between them (Figure 2.8).  

This section is developed further in section 2.3, which provides examples 

of biomarkers of nutritional intake and their effect against the risk of 

developing a particular disease or condition (e.g. cardiovascular disease). 
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Figure 2.8. Endogenous metabolites located in several metabolic pathways 

(biomarkers of effect), and metabolites from several foods (biomarkers of 

intake), and those metabolized by the intestinal microbiota. TMAO 

trimethylamine-N-oxide. PAGN: phenylacetylglutamine, DHA: 

dihydroxyacetone. 
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II. Biological and analytical validation criteria for dietary 

biomarkers. Extracted from Andersen, 2013 [doctoral thesis]. 

A) Biological validation: 

 Relation to the exposure: It must be proved that the association 

between exposure to food and the marker of exposure is causal. 

 Sensitivity and specificity: The marker must be unique (or as much 

as possible) to the exposure. This implies that the percentage of 

true positive measures (sensitivity), and true negative measures 

(specificity) should be as high as possible.  

 Dose-response: There should be a positive correlation between 

the level of exposure and the level of the marker that has been 

measured. 

 Interindividual variation: The main source of interindividual 

variability should be investigated, such as genotype, age, gender, 

smoking, gut microbiota, etc. 

 Time of exposure: A marker of exposure must be precise, 

reflecting only the recent or prolonged intake of a food, revealing 

intake from days, months, or even years. The type of exposure 

reflected by a marker should be determined. 

B) Analytical validation: 

 Samples: Timing and type of sample should be defined as well as 

storage conditions and sample preparation. 

 Defined measures: The marker should be quantifiable by a defined 

method and the analytical error should be known. 
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2.2.2.2. Biomarkers of health:  

Metabolic phenotype (metabotype) concept 

Metabolic phenotyping or metabotyping is the result of the interaction of 

different factors (diet, lifestyle, gut microbiota, genetics, etc.)(Calvani et al. 

2010; Illig et al. 2010) and describes a characteristic metabolic profile, 

which reflects the biochemical, physiological status and environmental 

exposure of a population (Holmes et al. 2008; Rezzi et al. 2007). 

Human metabotypes are determined by a combination of genetic and 

environmental factors, such as diet and lifestyle, representing a main 

source of biodiversity. The determination of metabotype in human 

populations can be of great interest in relating quantitative biochemical 

and physiological data with phenotypic, genetic and environmental 

variations. The measurement of dietary influence on metabotype can 

provide valuable information and responsiveness to dietary modulation 

shown by individuals. This may give an idea of the role of diet and 

nutrition in disease development and even provide information for 

potential personalized nutrition (Rezzi et al. 2007).  

In nutrimetabolomics, different individual metabotypes or nutritypes can 

aid a better understanding of the link between nutrition and 

health/disease. 
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Figure 2.9. Metabotype is influenced by regulatory and genetic factors at the 

genes, RNA and protein levels; the gut microbiota from each individual; 

exposure factors (exposome), such as foods and drugs; and also environmental 

and lifestyle factors, such as physical or mental exercise. Adaptation from Claus 

et al. 2013.  

 

 



Bibliographic backgrounds 

 

 

41 

2.3 APPLICATION OF 

NUTRIMETABOLOMICS IN THE STUDY OF 

NUTRITIONAL BIOMARKERS AND THEIR 

IMPACT ON HEALTH 

 

The bibliographic background presented below shows the use and 

application of nutrimetabolomics and the search for biomarkers of intake 

and their effect, in the context of polyphenols, such as nutritional 

biomarkers, and their beneficial effect on health. 

The following two chapters of the book present two studies: the first 

focuses on wine and wine polyphenols in targeted and untargeted studies 

using different metabolomic approaches; the second discusses the 

application of metabolomics in research into biomarkers of intake and 

their effect on consumption of polyphenols and cardiovascular disease.  

 

2.3.1 NUTRITIONAL BIOMARKERS OF FOOD 

EXPOSURE  

This opening part of the chapter introduces the nutrimetabolomic 

approach in the field of research of a particular food – in this case wine, 

since it is present in much of the content of results in this doctoral thesis. 

In recent years, the metabolomic approaches have been used in research 

to analyze the metabolic impact of wine and its components (mainly wine 

polyphenols) on the body. This book chapter is intended to illustrate the 

use of a metabolomic approach in the study of the interaction between 

wine and health. To address this issue, we have tried to classify this 
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analysis from three perspectives or approaches: (1) metabolomics research 

on wine and wine-derived polyphenols; (2) discovery of metabolomic 

biomarkers of intake and the effect produced after wine intake; (3) the use 

of a targeted approach and metabolic profile of resveratrol on the 

metabolic interaction between wine and gut microbiota. Thus, it is 

intended to encompass and illustrate all approaches dealt with in this 

topic. 

Hence, this book chapter is entitled “Metabolomic approach to finding 

targets of wine benefits in human health”, and appears as chapter 16 in 

Wine: Safety, Consumer Preferences and Impact on Human Health. Springer, 2014.  

Authors: Olha Khymenets, Rosa Vázquez-Fresno, Rafael Llorach, Mireia 

Urpi-Sarda, Mar Garcia-Aloy, Sara Tulipani, Ascensión Lupianez-Barbero, 

Cristina Andres-Lacueva.  



Bibliographic backgrounds 

 

 

43 

Chapter 16: Metabolomic approaches in the study of 

wine benefits in human health. 

Book: “Wine: Safety, Consumer Preferences and Impact on Human 
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Abstract:  

Metabolomics is one of the emerging “-omics” technologies that has 

great advantages for studying metabolic interaction between diet and 

human health. Over the last decade it has been successfully used in 

various wine nutritional studies, applying both hypothesis-driven and 

exploratory strategies; as a result, various aspects of the wine-human 

health interaction have been addressed. The exploration-driven findings 

provided original information on the complex metabolic relationship 

between wine and the human organism, reflected in changes in 

homeostatic metabolism and/or in immediate metabolic events, as well 

as in metabolic changes related to the efficiency and activity of gut 

microbiota. Targeted along with untargeted profiling studies provided 

new aspects on the bioavailability of wine-derived compounds and 

suggested the application of certain metabolic patterns as markers of 

wine dietary exposure. Finally, the outcomes of these studies showed 

the advantage and great potential of the application of a metabolomic 

approach in wine nutrition research with regard to understanding and 

revealing novel mechanisms underlying the health benefits of wine 

consumption and in searching for targets of wine benefits in human 

health. 

Keywords: Wine biomarkers, Combined biomarkers, Biomarker of 

consumption, Biomarker of effect   
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1. Introduction  

The past few decades were characterized by revolutionary 

developments in life science technologies. High throughput and 

efficient, robust and rapid “-omics” technologies brought many 

advantages to research, allowing global analysis of samples on different 

system levels (Kussmann et al. 2008). They technically enabled the 

profiles of specific types of molecules (DNA, RNA, proteins, lipids, 

small compounds, etc.) to be studied and came to be used as holistic 

research approaches, such as transcriptomics, proteomics, lipidomics, 

glycomics, metabolomics, etc., providing overall information about the 

status of the organism. Driven by constantly accumulating technical 

and methodological advances, the growth in “-omics” research has 

promoted its practical implementation in all the existing fields of life 

science, and nutrition is no exception (Kussmann et al. 2008; 

Kussmann et al. 2006). In fact, nutrition is probably one of the research 

fields where “-omics” approaches can bring many advantages, promote 

progression and open up new perspectives (Ordovas Munoz 2013). On 

the whole, the application of “-omics” technologies in nutrition is 

expected to stimulate exploration of the physiological processes 

involved in the interaction between nutrition and health and help to 

identify potential markers of this relationship. Basically, the principal 
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goal of their application is to support the accomplishment of the main 

objective of nutrition research – to comprehensively understand the role 

of diet in human health. In this context, metabolomics is seen as one of 

the most powerful of the “-omics” approaches, and can be widely 

applied in nutrition research (Kussmann et al. 2008; Kussmann et al. 

2006; Ordovas Munoz 2013; Llorach et al. 2012; Scalbert et al. 2014; 

Primrose et al. 2011; Gibney et al. 2005; Brennan 2013).  

Compared to other “-omics” sciences (i.e., genomics, transcriptomics, 

proteomics), a metabolomic approach has several potential advantages. 

Metabolomics involves the study of small molecules or metabolites 

present in biological samples (Brennan 2013). The metabolome, a 

whole set of metabolites, can be characterized by two components: (i) 

endogenous – metabolites defined by genetic background, age, sex, 

etc., and (ii) exogenous – metabolites appearing in our organism from 

the environment, where the most important external factor is diet 

(Scalbert et al. 2014). On the whole, the metabolome is very complex 

and is constantly varying, as it is under continuous influence from 

numerous extrinsic and intrinsic factors (Gibney et al. 2005). In this 

sense, the study of metabolites reveals useful biological information 

since metabolites represent biological intermediates and/or end points 

of biological pathways and, therefore, are implicated in the health 
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status of the organism (Brennan 2013; Llorach et al. 2012; Ordovas 

Munoz 2013). Thus, the characterization of metabolites in response to 

any kind of stimulus provides us with a snapshot of the metabolism or a 

molecular fingerprint of it, and this can serve as an index of the 

biological state of the organism (Astarita and Langridge 2013).  

Currently nutritional research is experiencing a remarkable 

transformation driven by this new technological tool (Brennan 2013; 

Astarita and Langridge 2013; Gibney et al. 2005; Ismail et al. 2013; 

Jones et al. 2012; Llorach et al. 2012). Thus, a metabolomic approach 

has been increasingly applied in the analysis of food components, the 

identification of diet-derived metabolites, the evaluation of their 

bioavailability and metabolism, the analysis of gut microbiota 

metabolic activities, and the determination of physiological response to 

a particular diet regimen, food or nutraceuticals (Astarita and 

Langridge 2013; Scalbert et al. 2014). Finally, the application of 

metabolomics to nutrition research promotes the emergence and 

expansion of a novel “-omics” discipline, “nutrimetabolomics”, 

devoted to the exploration of the complex metabolic relationship 

between nutrition and health at metabolome level. As a result, 

nutrimetabolomics forms an essential part of nutrition system biology 

(Panagiotou and Nielsen 2009; Jones et al. 2012), which is a new 
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integrating approach to studying the impact of nutrition on biological 

systems by measuring and integrating genomic, proteomic and 

metabolic data.  

In this chapter, we would like to focus on the achievements and 

perspectives to studying the impact of wine consumption on human 

well-being and health using this new methodological approach, 

metabolomics. Therefore, in the following sections we will consider the 

specificities of metabolomic analysis and we will offer an overview of 

the findings provided by applying a nutrimetabolomic approach in 

current wine research, emphasizing its relevance to understanding the 

complexity of the interaction between wine and health. 

2 Specificity of metabolomic studies 

Metabolomics in nutrition attempts to decipher metabolic alterations in 

response to a specific food ingredient, food product or diet (Kussmann 

et al. 2008; Scalbert et al. 2014). Depending on the research question, 

two analytical strategies are used in metabolomic studies: targeted and 

non-targeted (Patti et al. 2012; Zulyniak and Mutch 2011). Targeted 

analysis is a hypothesis-driven approach and is applied when a study is 

focused on the analysis of already known metabolites. It provides high-

quality (quantitative) data on compounds using dedicated and 
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optimized analytical methods. Historically targeted analysis was 

focused on studying a single or several resemble metabolites. Current 

technical progress has significantly improved the accuracy, sensitivity 

and capacity of analytical platforms, which has permitted the analysis 

of complex metabolite systems, such as pathways and classes, driven 

by both specific (targeted profiling) and exploratory (non-targeted 

profiling and fingerprinting) interests (Fernie et al. 2004).  In contrast 

to targeted analysis, non-targeted analysis is a data-driven approach, 

aimed at analysing the metabolome as broadly as possible, providing a 

holistic overview of the metabolic changes occurring under different 

conditions. Such wide-ranging metabolome screening provides only 

qualitative data, which is used for the generation of new hypotheses. 

Both approaches can complement each other in respect of providing 

question data that is relevant to research; thus, certain information 

about metabolites and related pathways that could not be gained 

through a targeted approach due to its methodological restrictions could 

be explored by untargeted analysis; and vice versa, qualitative 

information obtained from a data-driven approach could be validated 

and confirmed by targeted analysis.  

Metabolome responsiveness to external and internal stimuli is the 

fundamental asset of nutrimetabolomic studies; however, on the other 
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hand, it is a major challenge from a methodological standpoint. 

Multiple sources of metabolic variability, such as genetic 

polymorphisms, environmental conditions and feeding patterns (Kim et 

al. 2014; Nicholson et al. 2011; Floegel et al. 2013) determined by a 

variety of biological, cultural, socio-economic, psychological and 

behavioural factors (Kussmann et al. 2008), need to be carefully 

considered in the experimental design of any nutrimetabolomic study in 

order to reduce biological components in metabolic variations that are 

not linked to the dietary intervention itself (Zulyniak and Mutch 2011). 

On the other hand, the workflow procedure should be standardized as 

well to minimize the technical variability component in the global 

system of metabolic variation (Kim et al. 2014; Burton et al. 2008; 

Zulyniak and Mutch 2011; Issaq et al. 2009).    

A five-step workflow is typically applied in metabolomic studies, 

including nutrimetabolomic ones (Llorach et al. 2012; Brennan 2013): 

(i) sample collection; (ii) sample preparation; (iii) data acquisition; (iv) 

data analysis; and (v) biological interpretation of the obtained results.  

The choice of sample type, preparation, separation platform and 

analytical instrumentation should be considered in respect of obtaining 

high-quality data used for analysis, especially in untargeted 
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metabolomic analysis, and will be defined by the objectives of the 

study (Patti et al. 2012; Zulyniak and Mutch 2011; Tulipani et al. 2013; 

Issaq et al. 2009). Blood (serum and plasma), reflecting mainly 

instantaneous metabolic events and dynamics of nutrient and 

metabolite flow in the inter-organ metabolism (Kussmann et al. 2008) 

or information stemming from prolonged nutrient exposure (Zulyniak 

and Mutch 2011), and urine, providing a time-averaged representation 

of recent homeostatic metabolic changes and of gut microbial 

metabolic activities (Kussmann et al. 2008; Bouatra et al. 2013), are 

among the first-choice samples used in nutrition research. In addition to 

their relevant physiological meaning for nutrition, these biofluids are 

obtained in a non-invasive way using well-standardized sampling 

protocols, which make them widely used in human intervention and 

epidemiological studies and, consequently, in nutrimetabolomic 

studies. However, depending on the initial biological question, other 

types of samples could be used in nutrition research (Gibney et al. 

2005; Jenab et al. 2009), including faecal samples, increasingly applied 

to study information on metabolic gut health, digestive efficiency and 

the activity of gut  microbiota (Kussmann et al. 2008). 

Any type of biosample is characterized by its inherent metabolome 

complexity. Sample preparation methods depend on the sensitivity and 
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specificity of the selected analytical techniques and consist of 

extracting analytes from the biological matrix and bringing them into a 

format compatible with the analytical technique used (Fernández-

Peralbo and Luque de Castro 2012; Tulipani et al. 2013; Issaq et al. 

2009). Various technical platforms are applied in metabolome analysis, 

among which mass spectrometry (MS), coupled to separation 

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

nuclear magnetic resonance spectrometry (NMR) are the most 

commonly used (Ismail et al. 2013; Kussmann et al. 2008; Zulyniak 

and Mutch 2011; Issaq et al. 2009). However, none of the currently 

existing analytical platforms are able to measure the whole metabolome 

(Brennan 2013; Issaq et al. 2009). Each technology has its own 

advantages and disadvantages, reflected in its capacity to detect specific 

types of compounds (Issaq et al. 2009), and therefore they provide 

different sets of information, some parts of which could be overlapped. 

To obtain optimal coverage of the metabolome, especially in non-

targeted analysis, a combination of several platforms could be used in 

metabolomic studies (van Dorsten et al. 2010; Jacobs et al. 2012a). 

Metabolomic studies, especially non-targeted ones, generate huge 

amounts of data, which should be carefully preprocessed prior to being 

analysed in order to transform the data in the data set into more 
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comparable formats in order to ease and improve its analysis 

(Smolinska et al. 2012; Issaq et al. 2009). The quality of generated data 

is monitored by applying specific controls (Gika et al. 2008). While 

data obtained from targeted profiling normally could be treated by 

applying univariate statistical analysis, the complexity of metabolic 

profiling very often requires data mining techniques based on 

multivariate statistical methods (Issaq et al. 2009; Trygg et al. 2007). A 

set of unsupervised methods (pattern recognition and clustering 

analysis, without prior knowledge of sample class) and supervised 

methods (several discriminant analyses based on previously predefined 

classes of samples) could be applied to data in order to evaluate 

alteration in metabolic signatures or assess possible metabolic markers, 

respectively. Any supervised modelling used for identifying 

metabolites that differ between studied groups should be validated, in 

order to minimize false positive discoveries. The differential signals 

recognized by multivariate analysis should be further identified, by 

applying a series of analytical and computational approaches, combined 

in a multistep identification process (Llorach-Asuncion et al. 2010; 

Smolinska et al. 2012). In many cases, metabolites can be positively 

identified if their orthogonal measures (retention time, mass spectrum, 

accurate mass, MS/MS fragmentation, isotope abundance pattern or 
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chemical shifts, peak intensities and spin coupling patterns) match a 

known standard or literature values, otherwise they are marked as 

unknowns, which could be previously reported but not identified or de 

novo described (Wishart 2011). Identified altered metabolites should be 

investigated in terms of their correspondence to specific metabolic 

pathways in order to make a biological interpretation of the metabolic 

alteration and to draw conclusions about its relevance to human health. 

3. Metabolomic approach in studying the interaction 

between wine and health  

Over the last decade, the metabolomic approach also started to be 

applied in the investigation of the metabolic impact of wine and its 

components (principally wine polyphenols) on the human organism. 

Several human metabolomic studies, as shown in Table 16.1, have so 

far been conducted in wine nutrition research targeting diverse subjects. 

For reviewing purposes we have combined them according to the 

methodological approaches applied, and research focus addressed, into: 

wine- and grape-derived polyphenols (PPh) metabolomic research 

(Section 3.1), discovery of wine consumption and effect biomarkers 

(Section 3.2), resveratrol metabolism profiling (Section 3.3) and 

targeted research on the metabolic interaction between microbiota and 

wine (Section 3.4).  
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Suggested place for Table 16.1 

3.1. Metabolic imprints of wine polyphenol consumption  

A number of metabolomics studies were conducted by a group from the 

Netherlands in which the effect of red wine- and grape-derived PPh 

consumption on human host and gut bacterial metabolism was studied 

using 
1
H-NMR spectroscopy on its own or in combination with GC-

MS, LC-MS untargeted and targeted approaches in order to increase the 

coverage of the metabolome and to expand the interpretation of 

nutritional intervention (van Dorsten et al. 2010; Jacobs et al. 2012b; 

Jacobs et al. 2012a; Jacobs et al. 2008). In their first work (Jacobs et al. 

2008) (Table 16.1, N1), designed as a methodological study aimed at 

developing and validating the NMR-based untargeted metabolome 

profiling of faeces, the impact of wine and grape juice extracts on 

human faecal metabolome was evaluated in samples collected in a 

midterm randomized crossover intervention study. Methodologically, 

the study was performed by using differential polarity extraction 

procedures, which enabled the detection and analysis of a relatively 

wide range of metabolites with different physicochemical properties, 

including polar compounds such as short-chain fatty acids (SCFA), 

organic acids, amino acids, trimethylamine, ethanol, glycerol and 
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glucose, and less polar compounds such as cholate, lipids, bile acids 

and phenolic acids. As a result, more elaborated NMR-based profiling 

of faecal samples provided a holistic view on the fermentation products 

of dietary components and the activity of microbiota. The application 

of an advanced approach revealed that, in contrast to GJX (grape juice 

extract), a 4 wk consumption of MIX (mix of grape juice and wine 

extracts) induced significant changes in NMR metabolome profiles of 

faeces. Some interesting results on the interaction between wine 

polyphenols and microbiota were reported. Thus, the reduction of 

isobutyrate was monitored after MIX consumption, which was related 

by authors to the inhibition of protein fermentation by wine extract 

PPh. The wine part of the MIX extract contained roughly 100 times 

more catechin than the grape juice part. Since no such changes were 

observed after GJX consumption, the catechin content of the wine 

extract was linked to the isobutyrate effect, and thus it was suggested 

that it was able to modulate the microbial ecology of the gut. Other 

interesting observations were related to the variability of metabolomic 

profiles. Thus, interindividual variability was related to metabolite 

concentration rather than to metabolite composition, suggesting that 

different colonic microbiota share general biochemical characteristics, 

whereas high intra-individual variability in faeces metabolome 
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indicated that diet and lifestyle greatly affect the metabolome, 

suggesting that they should be considered carefully in the design of 

nutrimetabolomic studies. 

A global metabolite profiling of 24 h urine was studied by the group in 

a subsequent study (van Dorsten et al. 2010) (Table 16.1, N2) in order 

to investigate the urinary excretion of phenolic acids of microbiota 

origin and to study changes in other urinary metabolites that could 

signal an impact of grape PPh intake on (metabolic) health status. As in 

the previous study, contrasting MIX with GJX intervention enabled 

researchers to set aside those effects provoked by the consumption of 

wine-derived PPh. The multivariate analysis of global 
1
H-NMR 

profiling revealed that the consumption of wine PPh within complex 

extract resulted in significant increase of hippuric acid (HipAc) and 4-

hydroxyhippuric acid (4-OHHipAc) in 24 h urine. Due to the limited 

sensitivity of the NMR technique in the detection of phenolic acids, a 

more sensitive GC-MS targeted approach (Grun et al. 2008) was used 

to complement the analysis. As a result, about 18 different phenolic 

acids were found to be significantly elevated due to both interventions. 

However, HipAc (already in agreement with the NMR findings), 3-

hydroxyphenylpropionic acid (3-OHPhPrAc), 3,4-

dihydroxyphenylpropionic acid (3,4-diOHPhPrAc) and 1,2,3-
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trihydroxybenzen (1,2,3-triOHBenzen) were associated only with the 

consumption of MIX (Table 16.1, N2), which was related to its higher 

wine-derived procyanidin and catechin content. In addition to giving 

insights into the metabolic degradation of grape and wine PPh in 

humans, this metabolomic study has also demonstrated changes in 

endogenous urinary metabolites. A slightly different effect between 

consumption of the two extracts on endogenous metabolite excretion 

was also related to differences in the PPh content of these interventions. 

Thus, NMR detected an increase in urinary excretion of citrate after 

MIX intake, suggesting that wine PPh could have an impact on 

mitochondrian tricarboxylic acid (TCA) cycle turnover. The GC-MS 

targeted profiling further advocated changes in the TCA cycle by 

monitoring the elevation of other urinary TCA intermediates, such as 

isocitrate. In addition, NMR metabolome profiling showed that MIX 

supplementation was associated with raised excretion of betaine, an 

important methyl donor and a regulator of homocysteine homeostasis 

and to a lesser extent trigolline, a metabolite of niacin (vit B3). 4-

hydroxymandelic (4-OH-mandelic) and 3-methoxy-4-hydroxymandelic 

(3-MO-4-OH-mandelic, vanillylmandelic) acids, metabolites of 

catecholamines, detected by GC-MS, were also elevated due to the 

MIX consumption. Thus, authors suggested that endogenous biological 
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pathways, such as phenylalanine metabolism, biogenic amines and 

catecholamine metabolisms, could be modulated by the consumption of 

wine PPh.  

In a subsequent study (Jacobs et al. 2012a) (Table 16.1, N3), the group 

tried to identify phenolic metabolites, known to originate from gut 

microbial fermentation, in both urine and plasma after 4-day 

consumption of a mix of wine and grape juice extracts (WGM) similar 

to the  previous study . A combination of specific sample preparation 

with both targeted and untargeted mass-spectrometric approaches was 

used to achieve optimum profiling of interesting metabolites. Urine 

profiling by targeted GC-MS detected several phenolic acids as the 

most relevant for gut microbiota fermentation of the consumed PPh; 

however, the origin (wine or grape juice extract) of the detected 

phenolic acids remained unclear. A wide range of metabolites involved 

in many different metabolic pathways was analysed in this study with 

the aim of generating new hypotheses on the mechanism of action of 

ingested polyphenols. The most noticeable were changes in microbial 

fermentation products of aromatic amino acids (Table 16.1, N3), which 

were in line with changes observed in faeces (Jacobs et al. 2008). In 

addition, the reduction, detected in this study, in urinary 1-

methylhistidine, a metabolite of dietary protein, and in tyrosine, 
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threonine and lysine plasmatic levels, also supported the idea of the 

ability of PPh to influence protein digestibility. These data led the 

authors to the hypothesis that wine and grape PPh or their microbial 

metabolites may benefit human health by reducing colonic protein 

fermentation and/or changing microbial amino acid metabolism. These 

results encourage the follow-up and study of the cross-talk between the 

gut microbial metabolism and host metabolic response following PPh 

and protein consumption. A subtle alteration in the urinary levels of 

3,4-dihydroxyphenylglycol (3,4-diOHPhglycol) was observed (Table 

16.1, N3) that suggested that wine PPh, most probably due to the 

presence of tyramine, might influence, through norepinephrine, 

turnover of catecholamine metabolism. The reduction of plasmatic 

sphingomyelin, two lysophosphatidylcholines and two 

phosphatidylcholines was detected and this, according to the authors, 

might indicate that wine and grape PPh affect the inflammatory 

signalling cascade, possibly at the mucosal gastrointestinal barrier.  

The main pitfalls of conventional NMR metabolome profiling, i.e. 

limited sensitivity and signal overlapping, could be partially overcome 

by the application of SPE sub-profiling of urine, which was 

demonstrated in the latest study of the group (Jacobs et al. 2012b) 

(Table 16.1, N4). The methodological upgrade consisted in the 
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application of different polarity fractions obtained by automated SPE to 

NMR analysis in order to enable more accurate quantification and less 

ambiguous identification of metabolites. This methodological 

improvement was tested on 24-hour urine samples collected in a short-

term (4 days) crossover placebo-controlled intervention trial in which 

volunteers consumed a PPh-rich mixture of red wine and grape juice 

extracts (WGM) in two different food matrixes: water and soy drink. 

As a result, the increase in urinary excretion of several microbiota-

derived phenolic acids (Table 16.1, N4), normally undetectable by 

conventional NMR, was monitored. These changes were related to 

WGM consumption, independently of the food matrix applied. 

However, on the other hand, it was observed that soy drink induced an 

excretion of aconitate, citrate and trigonelline, suggesting that 

endogenous metabolism was affected possibly via the tricarboxylic 

cycle (TCA). This could be very important, since earlier studies (van 

Dorsten et al. 2010) suggested that the TCA cycle was a putative target 

for wine PPh consumption. Consequently, the issue of the suitability of 

soy drink as a potential carrier for wine and grape PPh should be 

studied further. In this respect, some metabolic issues should be 

additionally clarified, since even under recent upgrades, the methods 

had restricted sensitivity to some lower abundant metabolites of WGM 
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origin, endogenous compounds and some soy-derived PPh metabolites. 

On the whole, the study opened encouraging prospects for the technical 

improvement of NMR-based compound detection and analysis, aimed 

at providing better access for the analysis of metabolites involved in the 

interaction between diet and health. 

3.2 Impact of wine consumption on human metabolome 

In parallel to nutrimetabolomic studies focused principally on the PPh 

component of wine and grape juice extracts, a couple of untargeted 

studies on complex wine were performed by our group (Vázquez-

Fresno et al. 2014; Vazquez-Fresno et al. 2012) using a conventional 

1
H-NMR-based untargeted approach (Table 16.1, N5 and N6). The 

individual and combined impacts of the two principal bioactive parts of 

wine, alcohol and PPh, on human urinary metabolome were evaluated 

in the first study (Vazquez-Fresno et al. 2012) (Table 16.1, N5) by 

analysing 24-hour urine samples after midterm (4 wk) intervention with 

red wine (RWA) at real-life doses, which was performed in parallel 

with dealcoholized red wine (RWD) (the same PPh content) and gin 

(ethanol control) treatments in a randomized crossover study. The 

detection of tartaric acid, a major acid in grapes and also a chief 

component of wine, after RWA and RWD intake was related to wine 
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PPh consumption, whereas ethanol was related to alcohol component of 

wine, and was obviously also detected after gin consumption. Two 

recognized colonic microbiota PPh metabolites, hippuric acid (HipAc) 

and 4-hydroxyphenylacetic acid (4-OHPhAtAc), were related to the 

consumption of the PPh content of wine (Table 13.1, N5). However, in 

contrast to 4-OHPhAtAc, which also increased after RWA 

consumption, HipAc did not change as a result of this treatment, 

suggesting that the alcohol content of wine might have some impact on 

the metabolic pathway related to the production of this compound. As a 

result, the study reported on the following markers of red wine 

consumption:  tartaric acid, as a wine-derived compound, 4-OHPhAtAc 

related to the gut metabolism of wine PPh, and ethanol as the principal 

metabolite of wine alcohol. Shortly after this study, urinary tartaric acid 

was confirmed as a sensitive and specific dietary biomarker of wine 

consumption in a randomized crossover feeding trial (Regueiro et al. 

2014). Finally, based on the obtained results, it was also projected that 

a combination of tartrate and ethanol markers could also be used in the 

monitoring of global compliance to wine dietary intervention. In fact, 

in our second study (Vázquez-Fresno et al. 2014), the combined 

biomarker model was successfully developed based on the previous 

intervention study. Ethanol glucuronide, a principal metabolite of 
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ethanol, was identified and in combination with tartaric acid was shown 

to be a strong NMR-detected biomarker for wine consumption not only 

in a controlled intervention study with wine but also in a cohort study 

involving free-living subjects (Table 16.1, N6). Moreover, this 

“tartrate-ethyl glucuronide” model, being more sensitive than 

individual markers themselves, showed a promising performance since 

its sensitivity accounted for discrimination of up to 3 days post-

consumption of one glass of wine in a free-living population. So far, 

only resveratrol and resveratrol metabolites fulfil the criteria to be 

considered as nutritional biomarkers of wine consumption for 

application in epidemiological studies (Zamora-Ros et al. 2009). These 

findings provided wine nutritional research with promising biomarkers, 

which could be used alone or in combination with classical dietary 

assessment methods in clinical and epidemiological studies in order to 

be able to estimate more precisely the relationship between wine and 

health.  

An endogenous product of first-step catabolism of branch-chain amino 

acids (BCAA), 3-methyl-2-oxovalerate, was identified in urine after 

consumption of wine in an intervention study (Vazquez-Fresno et al. 

2012; Vázquez-Fresno et al. 2014) (Table 16.1, N5 & N6). 

Interestingly, this metabolite was also elevated in the group of wine 
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consumers from the epidemiological study (Vázquez-Fresno et al. 

2014) (Table 16.1, N6), thus behaving really as a robust marker of the 

effects of wine consumption. In general, elevated levels of BCAA 

could be related to a decrease in their metabolic rate, which is 

associated with health-compromising statuses such as insulin 

resistance, diabetes, cardiovascular disease, etc. (Batch et al. 2014). 

The increase of urinary 3-methyl-2-oxovalerate levels detected in both 

studies could suggest that the induction of BCAA catabolism by wine 

PPh components has benefits for health, which should be studied in 

further investigations. On the whole, the results of these two studies 

showed the capacity of a conventional NMR-based untargeted 

approach to obtain a comprehensive metabolome picture including food 

metabolome and endogenous biomarkers of moderate wine intake, 

thereby fully supporting the application of this approach in complex 

clinical or epidemiological studies.  

3.3 Metabolomics in Resveratrol Research  

Resveratrol is a natural stilbene with specific physicochemical 

properties responsible for its biological activity (Szekeres et al. 2010). 

Interest in resveratrol as a principal bioactive compound of wine lies in 

a reductionist approach, which investigates the beneficial health 
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impacts of individual wine PPh as the main factors responsible for the 

“French paradox” effect (Renaud et al. 1998; Chiva-Blanch et al. 

2013). In this respect, resveratrol has been and is extensively studied 

for its biological activity in relation to the observed benefits of wine 

consumption for health (Delmas et al. 2011). Although this PPh is also 

present in some other foods, wines are the most important source of 

resveratrol in people´s diet (Zamora-Ros et al. 2008). Thus, resveratrol 

was shown to be a good marker of dietary intake of wine in both 

interventional (Zamora-Ros et al. 2006) and epidemiological studies 

(Zamora-Ros et al. 2009). In fact, the latter study (Zamora-Ros et al. 

2009) showed that using resveratrol metabolites, instead of single 

resveratrol, could increase the ability to discriminate between wine 

consumers and non-wine consumers even in a free-living population.  

Previous studies showed an extensive metabolic conversion of dietary 

resveratrol consumption (Delmas et al. 2011; Andres-Lacueva et al. 

2009). Consequently, the role of resveratrol metabolism became 

recognized both in relation to its biological activity and human health 

interactions (Delmas et al. 2011) and as a good marker of wine 

consumption (Zamora-Ros et al. 2009). In contrast to other wine PPh, 

resveratrol metabolites could not be monitored by conventional non-

targeted metabolomic approaches (NMR- and MS-based), principally 
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due to the relatively low concentrations of bioavailable resveratrol 

metabolites, in addition to specific technical limitations of these 

approaches. In this respect, more sensitive targeted profiling of 

metabolites is a method that can provide a comprehensive overview of 

the complexity of resveratrol metabolism. Recently two LC-MS-based 

targeted studies evaluating complex profiles of metabolites provided 

updated information on resveratrol metabolism in humans (Rotches-

Ribalta et al. 2012b; Rotches-Ribalta et al. 2012a). In the first study 

(Table 16.1, N7), the pharmacokinetics of plasmatic and urinary 

resveratrol metabolic profiles was studied after moderate consumption 

of red wine. Seventeen metabolites of resveratrol (12 metabolites) and 

piceid (5 metabolites) were identified (Table 16.1, N7). This was the 

first pharmacokinetics study to consider such a large metabolic profile 

of resveratrol and piceid in humans after an acute intake of RWA in 

moderate doses. Later, in a second study (Rotches-Ribalta et al. 2012b) 

(Table 13.1, N8), resveratrol metabolite profiling was extended by 

refining the sample preparation procedure. Thanks to the availability of 

some standards, an optimized methodology permitted more accurate 

identification and quantification of sulphoconjugated metabolites (e.g. 

disulphated and sulphoglucuronidated), which were previously 

underestimated, but whose impact could be significantly relevant to 
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human health through the modification of resveratrol stability, chemical 

structure, transport and metabolism at the cellular level of the organism 

(Delmas et al. 2011; Patel et al. 2013). In total, 21 different resveratrol 

metabolites, including those formed by gut and microbiota metabolism, 

were included in the targeted resveratrol profiling of 24 h urine samples 

from the crossover intervention study with a 4 wk intake of red wine 

(RWA) and dealcoholized red wine (RWD) with the same PPh content. 

Targeted profiling of urinary resveratrol metabolites showed that the 

alcohol component of wine did not affect the resveratrol bioavailability, 

either in total or as a composition of its various metabolites. On the 

whole, these studies presented a focused resveratrol metabolism 

profiling approach, which is not only able to provide a global sum of 

the total metabolites, which is of important value for resveratrol 

bioavailability estimation, but also show the importance of each 

individual resveratrol metabolite in metabolism and the health effect of 

wine-derived resveratrol.       

3.4 Application of targeted metabolomics in exploring wine-

microbiota interaction 

Recent interest in the role of colonic microbiota in the bioavailability 

and bioactivity of dietary PPh (Cardona et al. 2013; Etxeberria et al. 
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2013) has encouraged further investigation into the metabolic fate of 

grape- and wine-derived PPh in the human organism. Previously, 

studies tended to evaluate the microbiota-mediated interaction between 

wine and health mainly through a reductionist approach, focusing on 

single components of wine as its primary PPh, such as resveratrol 

(Bode et al. 2013), catechin and procyanidins (Gonthier et al. 2003), 

anthocyanin (Forester and Waterhouse 2008), etc., or vice versa on 

activities of specific strains of colonic microbes (Barroso et al. 2013). 

However, the high complexity of gut microbiome and its high 

interindividual variability challenge such evaluations; in addition, the 

impact of wine as a complex food could not be explained. The 

application of metabolomic approaches opens up the opportunity to 

have a more holistic look at the issue (Moco et al. 2012).  

The composition of microbial phenolic metabolites in faecal samples 

collected after regular consumption of either red wine (RWA), 

dealcoholized red wine (RWD) or gin (GIN) was analysed using 

targeted LC-MS (Jimenez-Giron et al. 2013) in a pilot crossover study 

(Table 16.1, N9). For this purpose, the method for detecting and 

quantifying 60 different phenolic metabolites in faeces was earlier 

developed and validated (Sanchez-Patan et al. 2011). The analysis 

showed that the microbial metabolic profile of faeces was substantially 
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modified after moderate intake of red wine, either dealcoholized or not, 

and 8 phenolic acids were significantly increased. Metabolites derived 

from the catabolism of both flavan-3-ols and anthocyanins seemed to 

contribute to these changes. According to the results of the study, the 

bioavailability and biotransformation of red wine PPh by gut 

microbiota, and likewise resveratrol (Rotches-Ribalta et al. 2012b), 

were not affected by the alcoholic matrix of the wine. Large inter-

individual differences in the formation of microbial metabolites after 

each red wine intervention, but not after gin intervention, were related 

to variations in the microbiota composition among subjects.  

The developed targeted analysis was applied by the same group in a 

larger study with 41 volunteers (Munoz-Gonzalez et al. 2013) (Table 

16.1, N10). This time, changes in the microbial-derived phenolic 

metabolite profile of faeces due to moderate 4-week red wine 

consumption were monitored in a parallel-armed study. Of 60 targeted 

compounds, 35 were identified in all faeces samples. No detectable 

amounts of the phenolic compounds present in wine, such as 

anthocyanins, flavan-3-ols and stilbenes, were found in the faecal 

samples, suggesting their extensive catabolism by colonic microbiota. 

Ten compounds, mainly benzoic and 4-hydroxyvaleric (4-OH-valeric) 

acids (Table 16.1, N10), showed a statistically significant increase after 
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the wine intake. Authors reported that red wine consumption increased 

the total phenolic metabolite content of faeces to varying degrees. 

According to their gut microbial capacity to metabolize wine PPh, 

individuals were tentatively classified into three “metabotypes” (Bolca 

et al. 2013)  by μg of wine-derived total PPh detected per g of faeces: 

1) low (<500 μg /g), 2) moderate (500–1000 μg /g), and 3) high (>1000 

μg /g) metabolizers. Thus, these results supported a hypothesis on the 

existence in the human population of different PPh-metabolizing 

phenotypes (van Velzen et al. 2009). Although these data should be 

confirmed and better explored in a larger intervention study, they 

already carry great significance when considering individual PPh-

metabolizing phenotypes in wine-health interaction studies. In general, 

these two targeted metabolomic studies on faeces confirmed that gut 

microbiota is among the principal objects of wine PPh action.   

The scientific community has become aware that the microbe-derived 

metabolites of PPh represent a large proportion of wine PPh intake, 

impacting on their bioavailability and potentially exhibiting some 

bioactive effects (Forester and Waterhouse 2009; Monagas et al. 2010). 

Analysing bioavailability through monitoring host and microbiota-

derived metabolites together, we can reveal the main protagonists of 

corporative interaction among wine PPh and microbiota and human 
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health, in addition to obtaining valuable information on the microbiota 

catabolic activity on wine PPh. Led by this idea, the host and 

microbiota metabolites of consumed red wine PPh formed within and 

excreted in urine from our organism were studied using a metabolomic 

targeted approach in our group (Boto-Ordonez et al. 2013) (Table 16.1, 

N11). The wide-ranging urinary metabolomic fingerprint of phenolics 

(n=61) was monitored by a specially developed LC-MS technique in 

enzymatically hydrolyzed and non-hydrolyzed 24 h urine samples 

collected before and after a regular 4 wk intake of dealcoholized red 

wine (RWD). As a result, 37 enzymatically deconjugated and 24 

conjugated metabolites were detected, of which 49 were increased after 

RWD consumption, pointing to a considerable complexity of wine PPh 

microbial catabolism (Table 16.1, N11). So far, this targeted profiling 

has provided the most complete urinary phenolic metabolic fingerprint 

after wine consumption. The highest percentage of increase 

corresponds to microbial metabolites derived from flavan-3-ol and 

anthocyanin degradation. Some of the detected wine PPh microbial 

catabolites were recently shown to exert specific microbiota-directed 

bioactivities in in vitro (Sanchez-Patan et al. 2012) and in vivo (Boto-

Ordonez et al. 2014)  studies. In this way, wine PPh can beneficially 

interplay with microbiota activity with respect to human health. Some 
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such interplays were recently reported when substantial changes in the 

gut miocrobiota provoked by wine consumption were associated with 

certain health-relevant changes in the human organism (Queipo-Ortuno 

et al. 2012; Clemente-Postigo et al. 2013). Therefore, microbiota could 

be seen not only as a new metabolic organ of wine PPh but also as a 

target of their action with respect to health benefits for humans.  

As a final point, these studies showed the potential of a targeted 

metabolomic approach in wine-microbiota research focused primarily 

on evaluating the complexity of wine PPh metabolism and on detecting 

wine colonic metabolites as potentially bioactive molecules within the 

human organism both systemically and at the level of colon.  

Suggested place for Figure 16.1 

4 Conclusions  

The nutrimetabolomics studies, so far performed in wine nutrition 

research, showed that the consumption of wine and wine-derived PPh 

impact strongly on our metabolism, provoking global changes in both 

exogenous and endogenous metabolites. Thus, alterations in 

homeostatic metabolism and in immediate metabolic events were 

observed. Moreover, the gut microbiota metabolic efficiency and 
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activity were also affected. These findings provided information on the 

complex metabolic relationship between wine and the human organism. 

In addition, targeted metabolomic studies on wine PPh and their 

metabolites suggested the application of metabolic patterns of 

resveratrol and other wine-derived PPh as markers of wine dietary 

exposure, which is an important step forward toward more accurate 

assessment of wine effects in future clinical and epidemiological 

studies. The main findings thus far of wine metabolomic research are 

briefly summarized in Figure 16.1. Finally, the outcomes of these 

studies showed the advantage and great potential of the application of a 

metabolomic approach in wine nutrition research, especially in 

understanding and revealing novel mechanisms underlying the health 

benefits of wine consumption and in searching for targets of wine 

benefits to human health. 
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2.3.2 NUTRITIONAL BIOMARKERS OF EXPOSURE 

TO BIOACTIVE COMPOUNDS AND THEIR IMPACT 

ON HEALTH 

In recent years, a large number of interventional and epidemiological studies 

have provided new evidence on the beneficial properties of polyphenols in the 

diet in reducing the risk of cardiovascular disease. Even so, it is necessary to 

advance in research to discover and validate new biomarkers of polyphenol 

intake and its effect in promoting cardiovascular health. To meet the challenge 

successfully, the use of emerging technologies and -omics hypothesis generator 

approaches are very encouraging. In particular, metabolomics, although it is the 

youngest of the omics, has had great success in various applications in identifying 

potential biomarkers related to prediction, early diagnosis and prognosis of 

cardiovascular disease (CVD). This chapter aims to give an overview of the 

application of a metabolomics approaches in polyphenol biomarker discovery 

and CVD, in addition to its implications for cardiovascular risk assessment. 

 

Thus, this book chapter is entitled Emerging Applications of 

Metabolomics to Polyphenols and CVD Biomarker Discovery and has 

been published in Polyphenol in Human Health and Disease (Volume 2), edited 

by Ronald Ross Watson, Victor R. Preedy and Sherma Zibaldi, in 

Academic Press, Elsevier. (2014). ISBN: 978-0-12-398472-2. 

Authors: Rosa Vázquez-Fresno, Sara Tulipani, Olha Khymenets, Mireia 

Urpi-Sarda, Mar Garcia-Aloy, Montse Rabassa, Maria Boto-Ordoñez, 

Maria Rotches-Ribalta, Rafael Llorach and Cristina Andres-Lacueva. 
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HYPOTHESES 

 

This doctoral thesis presents the following hypotheses: 

- Nutritional biomarkers evaluated in clinical intervention studies will 

provide us with a measure of nutritional and health status. The study 

of nutritional biomarkers using a metabolomics approach based on 

nuclear magnetic resonance will reveal metabolic profile changes in 

the individuals. 

 

- The predictive power of nutritional biomarkers evaluated in a 

population will be replicated in other populations. The identification 

and validation of nutritional biomarkers in different populations will 

be a robust tool for measuring food intake and dietary habits. 

 

 

- The same population will have different responses to modulations in 

diet due to interindividual differences. Their interindividualities will 

be characterized by different metabolic phenotypes that reflect the 

effect of personalized nutritional intervention. These studies will help 

to better understand the link between nutrition and health. 
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AIMS 

 

The main objective of this thesis is to identify biomarkers of intake and 

their effect on urinary metabolomic profiles through a metabolomics 

approach using nuclear magnetic resonance (NMR). 

To address this main objective, the following specific objectives have been 

raised: 

• Develop and implement an optimal NMR methodology for the 

preparation, preprocessing and analysis of urine samples in 

nutritional studies. 

• Analyze the urinary metabolome after nutritional intervention and 

assess matrix effects (Paper 1). 

• Determine the predictive power of nutritional biomarkers in 

intervention and observational studies (Paper 2). 

• Differentiate metabolic phenotypes within the same population 

from classical biochemical markers and explore the effect of 

dietary intervention on these phenotypes (Paper 3).  

• Study the urinary metabolome and its impact on health after a 

period of intervention with a probiotic food supplement (Paper 4).  

• Establish specific markers of nutritional patterns observed in the 

urinary profile of a population with a long-term dietary 

intervention ( 3-year follow-up) (Paper 5).  
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4.1 NON-TARGETED METABOLOMIC 

ANALYSIS BY NUCLEAR MAGNETIC 

RESONANCE  

 

4.1.1 ANALYTICAL METHODOLOGY 

4.1.1.1 Sample preparation 

The analysis of biological samples from the submitted studies performed 

following the methodological protocol by Beckonert et al. (Beckonert et al. 

2007), was developed and optimized for the purposes of this doctoral 

thesis. The method involves preparing the sample for analysis by NMR 

spectrometer (500MHz) installed on the scientific and technical services at 

the “Parc Científic de Barcelona”.  

Urine samples from volunteers were gradually thawed in a refrigerator at 4 

°C, stirred by "vortex" and centrifuged at 13,200 revolutions per minute 

(rpm) for 5 min at 4 ºC. Centrifugation is used to prevent the presence of 

any particulate compound that might affect the quality of the spectrum 

(Beckonert et al. 2007). The centrifugation supernatant was grabbed and 

120 mL of buffer solution was added, composed of: 1.5 M of potassium 

phosphate monobasic (KH2PO4), 2 mM of sodium azide (NaN3) and 0.97 

mM (0.1%) of 3-(trimethylsilyl)propionic-2,2,3,3-d4 acid sodium salt (TSP), in 

98% of deuterated water (D2O). The buffer solution was adjusted to pH 

7,0. KH2PO4 is used to buffer the pH of the solution, NaN3 is an inhibitor 

of bacterial growth and finally the TSP is added as a reference compound 

for spectra processing. 
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For NMR metabolomic analysis, in comparison with other analytical 

techniques such as mass spectrometry, relatively large volumes are needed. 

In this case, the analysis was conducted on a volume of 600 mL of urine 

for the study of a food and a food supplement, and 300 mL of urine 

samples belonging to PREDIMED (due to the lack of a large enough 

sample). For the latter study the sample (300 mL of urine) was mixed with 

120 μL of buffer solution, and 200 mL of water/deuterated water (8:2) 

was added to create a total volume of 620 µL (120 µl+300 µl +200 µl), 

enough to achieve the height required to be analyzed by NMR 

spectrometer. It is important to control the pH and maintain all samples 

at the same level because the chemical shifts of some metabolites are very 

sensitive to pH changes. Moreover, the use of NMR for analysis requires 

the samples to be analyzed in a transparent tube, where electromagnetic 

radiation may be introduced, therefore 5 mm diameter NMR special glass 

tubes were used. 

4.1.1.2 Data acquisition and spectra processing  

The NMR equipment used was a Varian Inova-500 MHz with automatic 

sample exchanger.  

i) Data acquisition 

 1D Experiment. Using the NOESY presaturation program 

for water suppression  

1D-NOESY (Nuclear Overhauser Enhancement SpectroscopY)-PRESAT 

experiments. This program consists of the first increment of a NOESY 

pulse sequence using presaturation of water signal, during the relaxation 

time between scans/scans standby time (or relaxation time) and during 

the mixing time. For each specimen, spectra were acquired with 128 scans 
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and 32 K data points over a spectral width of 14 ppm, resulting in an 

acquisition time of 2 s, relaxation time of 5 s and a mixing time of 100 ms. 

The acquisition parameters of the samples are shown in Table 4.1. 

 

Table 4.1. Processing parameters of the 1D spectra (for all studies of this thesis) 

NOESY experiment 

with presaturation 

Abbreviation Value 

Data points np 32052 

Number of scans nt 128 

Spectral width sw [ppm] 14 

Acquisition time at [s] 2 

Relaxation time d1[s] 5 

Mixing time tm mixN [ms] 100 

Presaturation power satpwr 2 

During the acquisition the temperature was kept constant at 298 K with a 

gain factor of 0.3 Hz line prior to the Fourier transform. 

 

 2D Experiments 

COSY (COrrelation SpectroscopY) experiments were used for additional 

structural information in the identification process. 2D experiments are 

based on the inclusion of a variable time in the pulse sequence. The 2D 

experiments were performed on a Bruker Avance NMR 600 MHz III. 

Homonuclear proton-proton (1H-1H) correlated spectroscopy (COSY) 

determines which hydrogens are coupled to each other and allows the 

value of the J coupling constant to be calculated. The diagonal is the 1D 

spectrum and the signals outside the diagonal reflect the hydrogens that 

are coupled, that is, those with which they are correlated (Figure 4.1). 
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Figure 4.1. 2-D COSY spectrum. 

 

Table 4.2. Processing parameters of 2D COSY spectra 

COSY parameters Abbreviation Value 

Pulse sequence cosygp - 

Number of scans NS 48 

Spectral width SWH(Hz) 6410.26 

Relaxation time D1[s] 1.1 

Acquisition size TD/1TD (2048, 512) 

Spectral size SI/1SI (1024, 1024) 

 

ii) Spectra processing 

After spectra acquisition, a preprocessing of the spectra is required, 

consisting of phase correction, referencing (chemical shift [δ] 0.0 with 

TSP signal) and baseline correction. The processing of the spectra was 

performed with the TopSpin 3.0 software (Bruker Biospin Ltd.). 
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4.1.1.3 Peak integration 

Initially two types of integrations were tested (Paper 1). The first was by 

segmentation of the spectrum in portions called buckets or bins. The 

process of partitioning each spectrum is called binning (Figure 4.2). Each 

spectrum of each volunteer was segmented into portions of 0.005 ppm-

wide over the spectral range (of) between 0 and 10 ppm and the 

corresponding areas were integrated using the ACD/NMR Processor 12.0 

software (Advanced Chemistry Development, Toronto, Canada). This 

data reduction method has the ability to conceal any peak position 

variation, therefore, providing a more robust modeling (Cloarec et al. 

2004). The downside of this is that the interpretation of identified 

metabolites is not easy since it is necessary to re-examine the NMR 

spectrum several times in order to identify the metabolites. 

Another method, which was also tested in Paper 1, is the integration of 

the metabolic profile of individuals. Metabolite to metabolite is selected, 

and the corresponding peaks are integrated. Thus, a complete integration 

of the peak is obtained, but the disadvantage is that you cannot consider 

metabolites in the integration process that may be important in the study. 

This method of integration was performed using the AMIX 3.8 software 

(Bruker Biospin Ltd). 

In subsequent goals, the first method was chosen due to the greater 

contribution of information and ease of the process, since after 

comparing both methods (Paper 1), similar results were seen in terms of 

the metabolites identified and analyzed. 
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Figure 4.2. Illustration of the spectral binning segmentation applied to an 

NMR spectrum. 
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4.1.2 BIOSTATISTICAL METHODOLOGY:  

Integration of pretreatment methods of the data matrix, 

chemometric methods and statistical analysis 

4.1.2.1 Data matrix pretreatment methods  

Metaboanalyst (www.metaboanalyst.ca), the web platform for 

metabolomic analysis, has been used for data processing and 

standardization in all the works in this thesis. This platform includes 

methods of data processing, normalization, statistical analysis and tools 

for the interpretation of results. In Publication 1 and 3, it has also been 

used for statistical analysis using ANOVA test and correlations between 

the signals using Pearson correlations. 

Data obtained from an untargeted metabolomics approach may have 

different sources of variation to be studied, other than biological variation. 

These variations may be due to: 1) differences in the order of magnitude 

between the intensities of the peaks (the metabolites found at higher 

concentrations are not necessarily more important than those found at 

lower concentrations); 2) differences in the magnitude of the changes in 

the concentrations of metabolites; 3) biological variation not induced 

(under identical experimental conditions some metabolites exhibit large 

fluctuations in their concentrations); 4) technical variations due to sample 

preparation and analytical errors; 5) heteroscedasticity, i.e. when the 

variation of the signals is not constant in all samples (van den Berg et al. 

2006). Therefore, the objective of the preprocessing of data is to minimize 

the maximum variations due to causes other than biological ones. 
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i) Data filtering 

Data filtering is used to dispense those signals that do not provide 

information (but are noisy). Such signals can be classified into three 

groups (Xia et al. 2011): (1) very low signals that are close to the detection 

limit; (2) signals that are detected only in very few samples; and (3) those 

signals that are practically constant. The filtering process reduces the 

analysis and improves the ratio of false positive results in the statistical 

analysis. There are several ways to detect them and in this thesis the IQR 

("interquartile range") filtering method – a filter that excludes data 

showing little variation between experimental conditions, based on their 

interquantile range – was applied. This feature was introduced in 

Metaboanalyst after the publication of the first article (Paper 1) and 

therefore not used in it, but was used in the subsequent publications. 

ii) Data normalization 

The term “normalization” here refers to standardization of sample to 

sample. Often in metabolomics there are undesired variations between 

samples, for example urine metabolomic studies may have a dilution 

effect. There are different techniques for normalizing data, also called row-

wise normalization. The row-wise normalization technique used in the work 

of this thesis was the sum normalization, where each intensity is divided 

by the sum of the total intensities of the spectrum (Craig et al. 2006). Sum 

normalization is often used in non-quantitative chemometric data (Xia et 

al. 2011).  
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iii) Data transformations 

Transformations are nonlinear conversions of data to correct for 

heteroscedasticity in order to convert multiplicative relations into additive 

ones and to make skewed distributions symmetrical(van den Berg et al. 

2006). The transformation of data is used to normalize the variables to a 

normal distribution. In this thesis, when the data did not follow a normal 

distribution, using a parametric statistical test, the data were transformed 

by cube root transformation (Xia et al. 2011) since this generated a better 

transformation of data. This option is also provided by the interface of 

Metaboanalyst. When nonparametric tests were performed this procedure 

was not applied (because it is not necessary that the data follow a normal 

distribution). 

iv) Data scaling 

Scaling consists of dividing each variable of the data matrix by a scale 

factor, which is different for each variable and is typically a measure of 

dispersion for that variable. Data presented in this thesis have been scaled 

by a method called Pareto, which consists of dividing each variable by the 

square root of its standard deviation, thus major changes are less prevalent 

(van den Berg et al. 2006).  
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4.1.2.2 Chemometric methods and statistical analysis 

Chemometric methods can be defined as the application of mathematical, 

statistical, graphical or symbolic methods to maximize the information 

that can be extracted from chemical or spectral data (Wishart 2007). In 

chemometric approaches it is not necessary that the compounds have 

been previously identified. An essential property of most metabolomic 

studies is the multidimensionality of the data, i.e. the number of samples is 

significantly lower than the number of variables (or metabolites), which 

ensures that the data set is substantially complex. Therefore there are 

several multivariate analysis methods to reduce the dimensionality. Types 

of statistical analyses, performed either jointly or individually, in the works 

included in this doctoral thesis are presented as follows. 

I. Univariate analysis 

To compare the means between two groups, the Student t-test for data 

that follow a normal distribution, and the Mann–Whitney test for data 

that did not follow a normal distribution (nonparametric tests) was used. 

When more than two groups were compared, analysis of variance 

(ANOVA) was used. 

The ANCOVA is an ANOVA analysis from which the predicted effect 

has been removed from the dependent variable for one or more 

covariates using multiple linear regression. The inclusion of covariates can 

increase statistical power because it often reduces variability. This analysis 

was applied to the study that resulted in paper 5, where the ANCOVA 

was used to adjust each variable by its variable at initial time (baseline). 
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These analyses were conducted by Metaboanalyst (for ANOVA in Papers 

1 and 3). Mann–Whitney, Student t-test and ANCOVA were calculated 

using SPSS 18 (Chicago, IL, USA) for the remainder of the studies. 

Corrections for multiple comparisons 

When comparisons are made in metabolomics using univariate analysis, 

special care has to be taken to have a sufficient volume of data; for 

example, when comparing two groups (cases vs. controls) with 100 

metabolites to compare, this may give a false positive in the analysis; i.e. 

there may be no biological effect but by chance meaningful data is given. 

Therefore, correction methods such as Bonferroni or False Discovery Rate 

(FDR) are applied in the case of a univariate analysis. In multivariate 

analysis this problem is solved because all variables are considered 

simultaneously, but there are other problems, such as dimensionality (this 

concept is discussed below in the multivariate analysis section). The rate 

of false positives, or FDR, and Bonferroni correction are two methods of 

setting the significance level. Bonferroni is a very conservative method 

and quite restrictive, while FDR is a less conservative approach 

(Benjamini et al. 1995). 

Univariate analysis visualization: Boxplots 

There are several ways to display data in univariate analysis and for results 

of this thesis, "boxplots" have been used. A boxplot is a graph which 

provides information on the minimum and maximum values (Figure 4.3), 

Q1 (25% of the data), Q2 or median (50% of the data) and Q3 (75% of 

the data), and the existence of atypical values and symmetry of the 

distribution. It consists of a rectangle (the "box") and two arms 

(the"whiskers").  
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Figure4.3. Boxplot graphic. 

 

II. Multivariate analysis 

Multivariate analysis assumes simultaneous observation and statistical 

analysis of more than two variables. Multivariate analysis used in this 

thesis were analyses involving both unsupervised – such as principal 

component analysis (PCA), hierarchical cluster analysis (HCA), k-means 

analysis – and supervised methods, such as PLS-DA in its variant 

Orthogonal signal correction PLS-DA (OSC-PLS-DA). All the analyses 

mentioned above have been used at one time or another in the statistical 

process for the results of this thesis. 

Principal components analysis (PCA) 

The most commonly used analysis of dimensionality reduction is known 

as principal components analysis (PCA). The PCA is not a classification 

technique but unsupervised clustering. The PCA is particularly useful in 

identifying how different one sample is from another, what variables 

contribute most to the differences and what variables contribute in the 

same way (are correlated)(Trygg et al. 2007; Wishart 2007).  

This analysis aims to project high-dimensional complex data onto new 

coordinate systems with fewer dimensions. The direction of the 
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projection is calculated to maximize the variance of the data in only the 

first dimension (called principal components). The first principal 

component describes the maximum variance of the data set, with each 

subsequent principal component containing the corresponding amount of 

variance that has not been considered in the previous principal 

component (Trygg et al. 2007). The PCA is a good method for revealig the 

internal structure of the data relative to the variance. It is also a good test 

of exploratory data analysis. The results that can be obtained from a PCA 

are scatter plots called "scores plots" and "loading plots." The "scores" represent 

the original data in the new coordinate space, i.e. the samples analyzed, 

and can thus be interpreted in terms of similarities or differences between 

these samples; and the "loading" is the weight applied to the original data 

during projection, i.e. metabolites analyzed. The PCA is very sensitive to 

extreme values or "outliers," therefore it is often used as an exploratory 

process to detect them (Figure 4.4). The "outliers" may be due to technical 

problems in the analytical process, incorrect values or mislabeled data or 

atypical values. Principal component analysis was applied for this purpose 

in the study of dietary patterns (Paper 5), as it can help visualize 

preliminary data and detect possible outliers, and in this case there were 

acetaminophen signals (commonly known as paracetamol), which were 

not the focus of the study. 

 

 

 

Figure 4.4. PCA example for the evaluation of 

outlier values within a sample population. 
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 Heatmap and hierarchical clustering analysis (HCA) 

Hierarchical clustering analysis is another unsupervised multivariate 

analysis method that also allows a global view of data exploration. The 

heat map is a method used in omics to display large amounts of data. To 

calculate a hierarchical cluster it is necessary to define how the clusters are 

formed, how many clusters are formed and how the distance between 

groups is defined. There are different measures of distances in HCA, as 

well as different clustering algorithms. In this thesis, the study of a food 

supplement (Paper 4), an HCA represented by a dendrogram, with 

voluntary separation for the beginning and end of the intervention, was 

performed. In contrast to the study of dietary patterns (Paper 5), an HCA 

was used where individuals and metabolites were visualized in a heatmap, 

using the Euclidean distance measuring method and Ward’s algorithm. 

The dendrogram was represented by the SIMCA-P+ software and the 

heatmap through the PermutMatrix v1.9.3 software. 

Figure 4.5. (a) HCA dendrogram representing the grouping of volunteers in 

groups; (b) Heat map, in which volunteers hierarchically clustered (HCA) are 

represented grouped on one side, and on the other are the discriminant signals. 
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 k-means clustering 

In this case, predetermined groups are established, and then each 

individual is randomly assigned to one of these groups (or clusters). At 

that point, centroids are calculated, and each individual to the nearest 

centroid is assigned. This may result in some individuals changing to 

another group. This operation is done iteratively until the individuals stop 

changing groups (Martínez-González 2006). This analysis was calculated 

using the k-means algorithm of R library package v.2.14.1 and clValid 

library for the analysis of cluster validation. Analysis was also conducted 

to detect the optimal grouping: Dunn analysis for internal consistency, and 

FOM analysis for external homogeneity. 

 

 Partial least squares discriminant analysis(PLS-DA)  

Contrasting to PCA and HCA, PLS-DA is a supervised analysis technique, 

which means that the information corresponding to the different classes 

that divides the population is previously known and provided before 

performing the analysis. The PLS-DA analysis is used for separating 

groups of observations, basically by rotating PCA components for 

maximum separation of classes. 

The PLS-DA project data (X) in low-dimensional space that maximizes 

the separation between groups in the first dimension or "latent variables". 

These latent variables are sorted by the amount of variance explained in 

the class or variable Y. The R2 estimates the goodness of fit or percentage 

of explained variance. R2 has values in the range from 0 to 1. Values close 

to 1 indicate that the model is able to correctly classify the samples into 

classes that are defined. PLS-DA analysis results are displayed in the same 
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way as in the PCA analysis, scatter plots "scores plots" and "loading plots", and 

have the same functionality specified above (Figure 4.6). 

 

 

Figure 4.6. PLS-DA scores plot 

which shows the separation 

between two groups of 

subjects. 

 

 

Orthogonal signals correction (OSC) filter  

In clinical studies with a relatively large number of samples where there 

are large inter-individual variations, the effect we are looking for could be 

masked by other unwanted variations. In this case, it is often necessary to 

apply multivariate preprocessing filters of data before the PLS-DA. The 

filter used in the PLS-DA conducted in this work corresponds to the 

orthogonal correction signals (OSC) filter, which involves removing 

information from signals (X) that are not related (or correlated) with the 

class (Y) (Llorach et al. 2009; Pujos-Guillot et al. 2013). 

Model validation strategies 

The application of PLS-DA can lead to an overfitting of the model, which 

means that although the PLS-DA model can classify correctly the samples 

from the model, new samples may not be assigned to the correct class. To 

avoid this it is important to perform validation tests, such as the cross-

validation and permutation tests (Westerhuis et al. 2008).  
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Cross-validation test consists of dividing the set of samples randomly 

into a training set and a validation set. The model is created by the training 

set, while the validation set is used to test the model. This is repeated several 

times (iterations) so that all samples are among the validation only once. 

This procedure provides the Q2. 

The Q2 measures the predictive ability of the model. Thus, while the R2 

gives us the explained variation, the Q2 value or prediction error will 

indicate how well it can predict a class if new data is entered into the 

model. The value of Q2 goes from 0–1, where 0 is an indication that the 

model has no predictive power, and 1 is the highest predictive value 

(Westerhuis et al. 2008). Q2 ≥0.5 indicates a good model (widely used in 

metabolomic data) while Q2 = 0.9 corresponds to an excellent model 

(most commonly used in calibration)(Eriksson 2006). 

The permutation test assesses whether the classification of the samples 

that have been performed for the model is better than any other 

classification chosen at random (Westerhuis et al. 2008). Thus, during the 

permutation test (which is done iteratively n number of predefined times)  

a new model can be calculated by random classification, which also 

provides us with new values of R2 and Q2 that can be compared with the 

real PLS-DA values of the model that has been evaluated. The graphic 

resulting from the permutation test gives us the original R2 and Q2 values 

in the top right, and on the left the lower the better, the R2 and Q2 values 

obtained in the final permutation test (Figure 4.7). It can be considered a 

valid model for limit values with an intercept R2 and Q2 under 0.4 and 

0.05, respectively (van der Voet 1994).  

Permutation tests were performed with n=200 permutations and a 7-

iteration cross-validation, i.e. the set of data is divided into 7 groups, with 

one of the groups considered as a validation group and the rest as a 
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training group, repeating this process seven times, each time one of the 

groups being the validation group. 

 

 

 

 

Figure 4.7.Permutation test.  

 

 

For a double cross-validation, one may use a training group (for 

example taking 75%), and use the remaining population (25%) as a 

validation group. Therefore, the training group model is created, while the 

remaining group is used to validate the model previously created. This 

procedure is repeated several times until all samples have entered once in 

the validation group (the same as in the simple cross-validation, the only 

difference here is the size of the training and validation groups). If the 

model fits reasonably in the validation group, then it can be considered a 

valid model (Szymańska et al. 2012a). This procedure was used in the 

study of dietary patterns for the OSC-PLS-DA (Paper 5). 

 

Selection of discriminant variables 

The selection of variables is an important strategy in metabolomics. It can 

be used to build a model, with the aim to be better and more 

parsimonious, or for the selection of biomarkers. There are several 

strategies for the selection of variables, including the VIP value (variable 

importance in the projection), or p(corr) (the correlation between the 
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variable X and the p value or weight of each metabolite), and one way to 

view them is through S-plot graphics. 

 

Variable importance in the projection (VIP) is a measure of the 

importance of a variable. Specifically it is a weighted sum of the squares of 

the "loading" PLS, which takes into account the amount of explained 

variance -Y of each component (Xia et al. 2011). Expressed in another 

way, it is the contribution of each variable in the PLS-DA model. 

Therefore, higher VIP values indicate a greater contribution of that 

variable, i.e. it is more important in the model. Most metabolomic studies 

normally use a VIP> 1 value, considered to be an appropriate value for 

the selection of discriminant variables (Chong et al. 2005; Eriksson 2006; 

Gosselin et al. 2010). Higher VIP score values (VIP> 1.5) have been 

selected for the samples used in this thesis, thus the selection of these 

variables is more restrictive, reducing the possibility of false positives. 

 

An S-plot graphic is a type that shows where the (p) weight of each signal 

occurs within the model and the correlation between variable X and p [p 

(corr)] value. It is called S-plot because usually these graphs have a shape 

that looks like an “S”. The p (corr) takes values between -1 and +1. For our 

study we considered values │p (corr)│≥0.5 as a cutoff for selecting 

variables (Llorach et al. 2009) (Figure 4.8).  

 

 

Figure 4.8. S-plot for the selection of 

variables. Circles mark the discriminant 

signals.  
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III. Logistic regression and Receiving operating characteristics 

(ROC) curves 

To study the sensitivity and specificity of nutritional biomarkers (Paper 2) 

the analysis was divided into 3 steps: (1) selection of biomarkers; (2) the 

evaluation of these biomarkers; (3) the creation of a model. 

The nonparametric Mann–Whitney test was used for the selection of 

biomarkers. Biomarkers with a p-value<0.05 were selected for evaluation. 

The next step was the evaluation of these biomarkers. Each metabolite 

was tested using ROC curves and evaluated by the area under the curve. 

Then, a model was created that included several markers, the minimum 

number which had the most information explained, in order to 

discriminate the population between consumers/non-consumers. 

Stepwise logistic regression was used to create the model. 

 

 Stepwise logistic regression 

Logistic regression is a type of regression analysis used to predict the 

outcome of a categorical variable (a variable that can take a limited 

number of categories) based on the independent or predictor variables. It 

is based on the following equation: 

  y = α + β1x1 + β2x2+… + βkxk,   

where y is the dependent variable and xk are the independent variables, α is 

a constant, while β is the regression coefficient or slope of the variable xk. 

To perform a logistic regression requires that the dependent variable is 

dichotomous, i.e. controls are assigned as 0, and cases are assigned as 

1(Martínez-González 2006). 
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The stepwise method is a strategy for variable selection. It consists of 

selecting, at each step, the variable that best meets a predetermined 

criterion based on the statistical significance of inclusion (to add to the 

model) or exclusion criteria (to remove it).  

 

 ROC curves 

ROC curve graphics display the predictive model’s discrimination power, 

and hence are useful for viewing, organizing and selecting classifiers. The 

discriminatory power of the model is quantified by determining the area 

under the ROC curve (AUC, area under the curve). 

For further approximation in the evaluation of biomarkers it is important 

to consider how often the test produces true positives (TP), true negatives 

(TN), false positives (FP) and false negatives (FN). Sensitivity is the 

capacity of the logistic prediction model to correctly identify the positive 

(cases). That is, the probability that a subject (in this case, consumer) is 

properly classified in the correct group. Furthermore, the specificity has 

the ability to correctly classify the pattern of control subjects (or non-

consumers, in this case). 

 

Sensitivity= TP/ (TP+FN) 

Specificity= TN/ (TN+FP) 

If all positive samples are correctly classified (i.e. a perfect classifier), ROC 

curve has a value of AUC=1. An AUC of 0.5 is equivalent to a random 

classification of subjects. 

Thus, the ROC curve is a curve plotted in a diagram of two axes, where in 

this case, the Y axis is the sensitivity, and the X axis is specificity (Figure 
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4.9). The diagonal line from the ROC curve represents the classification 

of a random variable. Accordingly, it may classify the utility of biomarkers 

based on the AUC curve, depending on the range in which it is found 

(Xia et al. 2013). If the AUC curve is between the range: 

0.9–1.0 =excellent 

0.8–0.9 = good 

0.7–0.8= regular 

0.6–0.7= poor 

0.5–0.6= bad 

from the formula:  

d= square root [(1- Sensitivity) 2 + (1- Specificity) 2]. 

where d is the distance from the upper-left corner at any point on the 

ROC curve. The minimum value of d corresponds to the optimal cutoff 

point, which determines the sensitivity and specificity to that point.  

 

Figure 4.9. Excellent ROC curve (green line), good (blue) and without 

predictive capacity (dashed red). 
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The stepwise logistic regression was calculated using SPSS. The pROC 

library using the statistical software package R (Robin et al. 2011) was used 

to analyze, visualize and compare the curves generated between the two 

populations. 

 

IV. Correlation analysis 

The purpose of the correlation is to examine the direction and magnitude 

of the association between two variables, i.e. how they vary together. 

Therefore, we can have a positive (both variables increase in the same 

way) or negative correlation (one variable increases while the other 

decreases). Two correlation coefficients are often used: the Pearson 

(parametric) and Spearman (nonparametric).  

 

The correlation coefficient r can range from -1 to 1, so:  

r<0 negative correlation; 

r=0 no correlation exists; 

r>0 positive correlation. 

And the correlation can be classified into: 

│r│<0.3 weak association; 

0.3 ≤ │r│≤ 0.7 moderate association; 

│r│> 0.7 strong association. 

 

 

 



Methodology  

 

140 

In the works reported here correlation analysis was used as follows: (a) for 

identification: strong correlations between peaks corresponding to the 

same signal; (b) to identify correlations between metabolites and data 

from the food frequency questionnaire (FFQ) regarding food 

consumption. 

Pearson correlations were used for data following a normal distribution, 

and for non-normal data Spearman correlations were used. The software 

used for this correlations analysis was SPSS or Metaboanalyst. For 

correlations with the data from the FFQ only SPSS was applied; 

descriptive data intake could not be introduced into Metaboanalyst. 

For correlations between peaks within a metabolite an acceptable cut 

value of r≥0.7 was used for signal correlation. For correlations with data 

from the questionnaires of food intake, a value of r ≥ 0.3 was considered 

a moderate correlation between a food and a metabolite correlated with it. 

(Scalbert et al. 2014). 

 

4.1.2.3 Metabolite identification and quantification 

I. Metabolite identification 

Identification of the metabolites presented in this thesis was performed 

using three different methods or a combination of them: 

1) Using the identification Chenomx NMR Suite 7.0 profiler (Chenomx 

Edmonton, Canada) software. Chenomx is a "spiking" or virtual 

fortification, allowing identification of spectra compounds of 1 dimension 

(1D). It contains an internal spectral library with over 260 reference 

compounds. 
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2) Searching the assignment of peaks and chemical shifts for each 

metabolite using the available literature of NMR spectral data. Examples 

include "Human Metabolome Database" (HMDB, www.hmdb.ca), "Biological 

Magnetic Resonance Data Bank" (BMRB, http://www.bmrb.wisc.edu) and 

"Madison Metabolomics Consortium Database" (MMCD, 

mmcd.nmrfam.wisc.edu). 

3) Finally, in the last analysis some additional tests were performed with 

2D spectroscopy techniques already mentioned above (paragraph 4.1.1.2). 

 

II. Metabolite quantification 

Compounds are identified and quantified before statistical analysis. This 

method has been used in the study presented in Paper 3. 

In this case, compounds are quantified using the identification and 

quantification Chenomx NMR Profiler 7.0 (Edmonton, Canada) software. 

This is a "spiking" or virtual fortification database of NMR spectral of pure 

metabolites collected at several pH and spectrometric frequencies (500, 

600, 800 MHz). 

 

 

 

 

 



Methodology  

 

142 

4.1.2.4 Biological interpretation 

Once the relevant metabolites have been identified, biological 

interpretation is needed to understand and try to answer the hypotheses 

generated. There are several tools to carry out this objective. In addition 

to providing chemical information of the compound, the HMDB 

provides a brief description and information of other scientific studies 

described and also gives links to other identification and interpretation 

databases and software. It is also a useful database that allows metabolites 

to be placed in the relevant metabolic pathways such as KEGG (Kyoto 

Encyclopedia of Genes and Genomes) (Kanehisa et al. 2006), and thus provides 

an overview of the metabolic/s route/s belonging to that metabolite and 

possible interactions with other metabolites on the same route. 

Additionally, it has searched the scientific literature information pertaining 

to the metabolites of interest and the related pathways involved in similar 

or related studies. 
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4.2 CLINICAL METHODOLOGY: 

Clinical trials for the development of nutritional 

biomarkers 

 

4.2.1 STUDY OF THE EFFECT OF A FOOD 

INTERVENTION:  

This study was conducted under the AGL2006-14228-C03-02 project, 

coordinated by the University of Barcelona and the Hospital Clinic of 

Barcelona. This study has been used for different purposes: (1) the 

application of a methodology based on Nuclear Magnetic Resonance 

(NMR) technique in an intervention study, to study the markers of 

consumption and effect through and effect of the food matrix (Paper 1). 

(2) Analysis of panel of exposure biomarkers by determining the 

sensitivity and specificity of the biomarkers identified (Paper 2). (3) 

Evaluation the effect of wine polifenoles intake on different metabolic 

phenotypes within a population from anthropomorphic and biochemical 

parameters (Paper 3). 
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I. Study of a food and the effect of the food matrix 

This is a randomized, crossover, controlled trial carried out in periods of 4 

weeks. A total of 61 individuals > 55 years with high cardiovascular risk 

factors were analyzed. The inclusion criteria were: moderate alcohol 

consumers volunteers (1-3 drinks per day) and to have Diabetes Mellitus 

and/or 3 or more of the following risk factors for cardiovascular disease: 

Smoking habit, hypertension, hypercholesterolemia ([LDL ] plasma ≥160 

mg/dL, [HDL] plasma ≤40 mg/dL, obesity (IMC≥30 kg/m2) and family 

history of cardiovascular disease. The exclusion criteria were having had 

previous episodes of cardiovascular disease and alcoholism. The 

volunteers followed a washout period for 15 days, which were asked to 

follow a diet without alcohol or any product derived from grapes. 24h 

urine of volunteers was collected at baseline and after 28 days each 

treatment: 30 g alcohol/day (272 mL) of red wine, 272 mL of 

dealcoholized red wine per day (same content of polyphenols on both 

wines) or 100 mL per day of gin (30 g alcohol/day) for 4 weeks (28 days) 

in each intervention. In all periods the same dietary restrictions are 

followed as in the washout period. Once the first four weeks were over, 

the procedure was repeated with the second beverage of the treatment, 

and finally with the third, to complete the trial with the three drinks of the 

study (Figure 4.10). 
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Figure 4.10. Food study and food matrix effect. Study design of a randomized 

crossover controlled trial in humans with red wine, dealcoholized red wine and 

gin intake. CV: cardiovascular.  
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II. Study of the sensitivity and specificity of nutritional 

biomarkers 

For the purpose to study the sensitivity, specificity, and the consequent 

validation of nutritional biomarkers two different populations were used: 

(1) an intervention study and (2) a cohort of the PREDIMED study 

without an intervention (individuals at baseline). 

56 participants with wine intervention study (described above) at baseline 

(basal urine) and after 28 days of intervention with red wine were 

included. In addition, a random sub-sample of participants of the 

PREDIMED study (http://www.predimed.es) was considered. This sub-

sample was obtained from the nodes corresponding to Barcelona and 

Valencia from PREDIMED study from the AGL2009-13906-C02-01/02 

project. For the PREDIMED population cohort (population 2), morning 

spot urine was analyzed under fasting conditions of individuals at baseline, 

at the time of inclusion in the study (before starting the dietary 

intervention) to avoid any effect of nutritional intervention during the 

course of the study. For the division of individuals into consumers vs 

non-wine consumers, a food frequency questionnaire (FFQ) was used. In 

addition, a 24-hour recall was used, where the frequency of wine 

consumption was collected from participants. For evaluation of biomarker 

detection upon time elapsed after the last drink, volunteers considered 

with intake of wine on the previous day (n=53), 2-3 days before (n=14) 

and more than 3 days (n=15) compared with non-wine consumers 

(n=69). 

The stratification of the cohort study (n=205) was as follows: no wine 

consumers (0 ml/day, n = 69), intermittent consumers (<180 ml/day, 

n=87) and daily consumers (≥180 ml/day, n = 22). Non-wine consumers 

but consumers of other alcoholic beverages were not evaluated (n = 27). 
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For this study, daily wine consumers and non-consumers were analyzed, 

therefore non-regular consumers (intermittent) were not considered 

(Figure 4.11).  

 

 

 

 

Figure 4.11. Study of sensitivity and specificity of nutritional biomarkers. 

Study design with two populations: wine intervention study (population 1) and 

wine consumer/non-wine consumers of the PREDIMED cohort (population 2). 
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III. Metabolic phenotype study after food intake 

Individuals were divided into 4 groups according to their biochemical 

profiles (urine and plasma samples) using the algorithm of k-means, in 

order to observe metabolic differences after consumption of polyphenols 

from the intake of wine, 733 Gallic Acid Equivalents [GAE/day], in the 

form of dealcoholized red wine (Figure 4.12). 

Anthropometric and biochemical parameters used were the measure of 

body mass index (BMI) and waist-hip ratio (to assess obesity degree), 

glucose, total cholesterol, HDL, LDL, HDL ratio / LDL , triacylglycerols, 

24h diuresis, plasma creatine, uric acid, transaminases, bilirubin, ferritin 

and other proteins such as albumin or CRP, enzymes such as alkaline 

phosphatase, lactate dehydrogenase, and ions (sodium, potassium, etc.) 

and as globulin, apolipoprotein levels, hemoglobin and red blood cell 

count, while some coagulation parameters such as prothrombin, thrombin 

and fibrinogen. 

 

Figure 4.12. Study of metabolic phenotype after consumption of a food. 

Groups formation by k-means algorithm based on the clinical data of the 

individuals.  
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4.3.2 STUDY OF THE EFFECT OF AN 

INTERVENTION WITH A FOOD SUPPLEMENT:  

Probiotic food supplement study 

This study was conducted under the Ingenio-CONSOLIDER FUN-C-

FOOD (CSD2007-063) program and a collaboration of the University of 

Barcelona and the Complutense University of Madrid (Dr. Juan Miguel 

Rodríguez). 

In this intervention study 30 women with symptoms of mastitis were 

recruited. Of the 30, seven of them left the intervention during the study 

due to several reasons: 2 women suffered severe anemia, 4 of them were 

taking antibiotics, and lastly, one moved to another country so it could 

not complete the study. The 23 women who completed the study had to 

meet the following criteria: undergo breast inflammation, painful 

breastfeeding, a count of bacteria in milk >3log10CFU/mL, and a white 

blood cell count of >6 log10 cells/mL in milk. Any of them consumed 

probiotic supplements during the intervention period. Exclusion criteria 

were women with breast abscess (collection of pus in the breast without 

opening to drain), Raynaud's syndrome (lack of blood supply to the 

breast) or any other breast disease. 

The study design consisted of daily intake of a capsule containing 200 mg 

of lyophilized probiotic which contained ~9 log10 CFU of L. salivarius PS2 

for 21 days. 24h-urine was collected at baseline (day zero) and at the end 

of the study (day 21) (Figure 4.13). Also, in order to follow the evolution 

of the participants during the study, a questionnaire related to the 

evolution of mastitis and the presence of any potential side effects of 

treatment with probiotic was filled out by the participants. 
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potential side effects of treatment with probiotic, was filled out by the 

participants. 

 

 

Figure 4.13. Study of a food supplement: Study of a probiotic. Study design 

of an intervention probiotic intake in mastitis women. cfu: colony forming units. 
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4.3.3 STUDY OF DIETARY PATTERNS:  

PREDIMED study 

The PREDIMED study is a multicenter randomized clinical intervention 

trial, an average of 5 years duration that has as main objective the 

evaluation of the effects of the Mediterranean diet on the primary 

prevention of cardiovascular disease in high-risk individuals (Estruch et al. 

2013). This study is evaluating the effect of the Mediterranean diet 

supplemented with either extra virgin olive oil or a mixture of nuts 

compared both with a low-fat control diet (Figure 4.14). The design of 

this metabolomic study was conducted in the framework of the national 

project AGL2009-13906-C02-01/02 "Development of biomarkers of 

consumption and effect of a pattern of Mediterranean diet in the 

prevention of cardiovascular disease: A metabolomics approach" 

coordinated collaboration between the University of Barcelona and the 

“Fundació Clínic”. 

PREDIMED Participants were men aged between 55 and 80 years, and 

women from 60 to 80 years of age. None of the participants had 

diagnosed cardiovascular disease and should have at least one of the 

following criteria: Diabetes Mellitus type II, and/or present at least three 

cardiovascular risk factors: smoking habbit, hypertension, 

hypercholesterolemia, BMI ≥25 kg/m2, or a family history of 

cardiovascular disease. Exclusion criteria were not present cardiovascular 

diseases or any serious chronic illness, substance abuse, history of allergy 

or intolerance to olive oil and nuts. 

In this study 98 participants evaluated clinically as diabetics at high 

cardiovascular risk (Figure 4.15) were selected. As inclusion parameters 

should have at least three cardiovascular risk factors (discussed above). 
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Exclusion criteria were being diagnosed with Type II Diabetes Mellitus 

(for this particular study) as well as the exclusion criteria of the clinical 

trial discussed above. Participants assigned to the low-fat diet were 

advised to reduce all types of fat and given written recommendations 

according to the guidelines of the American Heart Association. Moreover, 

participants assigned to the Mediterranean diet groups (both olive oil and  

nuts groups) were instructed according to the questionnaire of 14 

adherence measurement points to the Mediterranean diet, including olive 

oil extra virgin cooking and seasoning dishes, increased consumption of 

vegetables, nuts and fish; consumption of white meat instead of red or 

processed meat, and moderate consumption of red wine. Or energy 

restriction or promoting physical activity for any participant in the 

intervention group was suggested. Participants were provided of a 1 

L/week of extra-virgin olive oil, a mixture of nuts (30 g/day): 15 g 

walnuts, 7.5 g hazelnuts and 7.5 g of almonds. In addition, all participants 

had free access to nutritionists during the course of the study. 

 

Figure 4.14. Dietary patterns study. Study PREDIMED. Intervention study 

of the Mediterranean diet interventions versus a low fat control diet. CV: 

cardiovascular. 
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Figure 4.15. Flowchart of participants 
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5.1. NUTRITITIONAL BIOMARKERS AFTER 

FOOD INTAKE  

I. Study of a food and a matrix effect 

 

The results of this study were published in the Electrophoresis journal 

indexed in the Journal Citation Reports with an impact factor of 3.161 

(2013) and located in the first quartile of the category CHEMISTRY, 

ANALYTICAL (16/76) (2013). 

 

Rosa Vázquez-Fresno, Rafael Llorach, Francesca Alcaro, Miguel 

Ángel Rodríguez, Maria Vinaixa, Gemma Chiva-Blanch, Ramon 

Estruch, Xavier Correig, Cristina Andrés-Lacueva C. 1H-NMR-

based metabolomic analysis of the effect of moderate wine 

consumption on subjects with cardiovascular risk factors. 

Electrophoresis. 2012, 33, 2345–2354. doi: 10.1002/elps.201100646. 



 



 Results 

 

159 
 



Results 

 

160 

 



 Results 

 

161 

 



Results 

 

162 

 



 Results 

 

163 

 



Results 

 

164 
 



 Results 

 

165 

 



Results 

 

166 

 



 Results 

 

167 

 



Results 

 

168 

 

 

 



 Results 

 

169 

 

II. Sensitivity and specificity of nutritional biomarkers 

 

This study is published in the Metabolomics journal with an impact factor of 

3.965 (2013) belonging to the second quartile of ENDOCRINOLOGY & 

METABOLISM (35/125) category. 

 

Rosa Vázquez-Fresno, Rafael Llorach, Mireia Urpi-Sarda, Olha 

Khymenets, Mònica Bulló,  Dolores Corella, Montserrat Fitó, Miguel 

Angel Martínez-González, Ramon Estruch, Cristina Andres-Lacueva. An 

NMR metabolomics approach reveals a combined-biomarkers model in a 

wine interventional trial with validation in free-living individuals of the 

PREDIMED study. Metabolomics [In press] doi:10.1007/s11306-014-0735-x. 
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SUPPLEMENTAL MATERIAL 

Online Resource 1. Baseline characteristics of the participants in both 

studies examined. 

 WIS PREDIMED sub-cohort 

Acute 

wine 

intake 

(n=56) 

Non-wine 

consumers 

(n=69) 

Intermitte

nt wine 

consumers 

(n=87) 

Daily wine 

consumers 

(n=22) 

P 

Mean ± SD 

age, years 

60.5 ± 8.4 67.8 ± 5.4 67.1 ± 6.1 64.2 ± 4.4 0.03 

Gender (%) 
-

a 
79.7 (f); 

20.3 (m) 

66 (f); 35 

(m) 

22.7(f);77.

3(m) 

<0.001 

Mean ± SD 

BMI, kg/m
2
 

29.6 ± 4.0 30.5 ± 3.9  30.2 ± 4.3 29.8 ± 3.4 0.54 

% Current 

smokers 

25.0 8.7 8.0 27.3 0.02 

% Type 2 

diabetes 

mellitus 

23.2 56.5 54.0 54.5 0.95 

% 

Hypertension 

48.2 87.0 81.6 86.4 0.63 

% 

Dyslipidemia 

30.4 78.3 74.7 63.6 0.39 

WIS: wine interventional study; f: female, m: male. P<0.05, comparing the 

three groups of consumers in the cohort study in a Chi-square test to compare 
qualitative traits and analysis of variance test to compare means of 

quantitative variables.  
a
only men were recruited in the study.  
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Online Resource 2. Composition of wine used in WIS study. Mean ± 

SD. 

Alcohol (%) 14.2 

Tartaric acid (g/L) 5.20 

Total phenols (mEqGA/L) 2933.35 ± 377 

Gallic acid (mg/L) 68.48 ± 6.40 

Protocatechuic acid (mg/L) 5.22 ± 0.62 

Tyrosol (mg/L) 43.59 ± 4.73 

Catechin (mg/L) 123.51 ± 11.30 

Epicatechin (mg/L) 67.86 ± 7.74 

trans-Caftaric (mg/L) 18.62 ± 1.45 

trans-Caffeic (mg/L) 11.50 ± 0.79 

trans-Coutaric (mg/L) 5.21 ± 0.45 

2-S-glutationylcaftaric (mg/L) 10.30 ± 1.00 

Quercetin-3-glucuronide (mg/L) 11.88 ± 1.38 

Quercetin (mg/L) 26.66 ± 0.78 

Isorhamnetin (mg/L) 3.34 ± 0.27 

Delphinidin-3-glucoside (mg/L) 15.25 ± 0.89 

Petunidin-3-glucoside (mg/L) 12.29 ± 1.06 

Peonidin-3-glucoside (mg/L) 6.78 ± 0.62 

Malvidin-3-glucoside (mg/L) 48.83 ± 4.45 

Malvidin-(6-acetyl)-3-glucoside (mg/L) 10.97 ± 0.96 

Malvidin-(6-coumaroyl)-3-glucoside (mg/L) 4.15 ± 0.27 

trans-Resveratrol (mg/L) 2.92 ± 0.36 

cis-Resveratrol (mg/L) 2.79 ± 0.15 

trans-Piceid (mg/L) 9.41 ± 1.12 

cis-Piceid (mg/L) 7.71 ± 0.34 
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Online Resource 3. ROC curve analysis for each significant 

metabolite. 

Biomarker AUC (95% CI) Sensitivity 

(%) 

Specificity 

(%) 

EtG 86.3 (79.4-93.2) 78.57 83.93 

Tartrate 85.7 (78.2-93.1) 76.79 85.71 

Ethanol 75.6 (66.4-84.8) 75.0 76.79 

2,3 butanediol 76.7 (67.6-85.7) 71.42 73.21 

U1 76.5 (67.6-80.5) 69.64 73.21 

U2 75.4 (66.3-84.6) 73.21 71.43 

U3 73.8 (64.4-83.2) 69.64 73.21 

3-methyl- 

2-oxovalerate 

70.8 (61.1-80.6) 69.64 64.29 

mannitol 67.4 (57.3-77.5) 78.57 60.71 

EtG: ethyl glucuronide. AUC: area under the ROC curve. CI: confidence interval. U: 

unassigned compound 
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III. Metabolic phenotyping study in a population after 

food intake  

 

The results of this study have been submitted to a journal indexed in the 

Journal Citation Reports for publication, there are currently under review. 

Rosa Vázquez-Fresno, Rafael Llorach, Alexandre Perera, Rupasri 

Mandal, Miguel Feliz, Francisco J Tinahones, David S Wishart, 

Cristina Andrés-Lacueva. Clinical phenotype clustering in 

cardiovascular risk patients for the identification of responsive 

metabotypes after red wine polyphenol intake. [Under review]. 
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ABSTRACT 

Metabolic phenotypes of individuals are the result of genes, 

environment, lifestyle, diet and gut microbiota interactions. The aim of 

this study is to evaluate the robustness of clinical and metabolic 

phenotyping in identifying differential responsiveness to dietary 

strategies in the improvement of cardiometabolic status. Clinical 

phenotyping of 57 male volunteers with high cardiovascular risk factors 

was performed using K-means cluster analysis based on 69 

anthropometric and plasma biochemical parameters. Cluster validation 

analysis based on Dunn analysis for internal coherence and FOM 

analysis for external homogeneity was applied. The K-means analysis 

produced four clusters with particularly significant clinical profiles. 

Basal differences on the urine metabolomic profiles among clinical 

phenotypes were explored and validated by OSC-PLS-DA models. 

Multivariate analysis (OSC-PLS-DA) of 
1
H-NMR spectra revealed that 

the model comparing the “obese and diabetic cluster” (OD-c) against 

the “healthier cluster” (H-c) showed the best predictability and 

robustness in terms of explaining the pairwise differences between 

clusters. When considering just these two clusters, two different groups 

of differentiating metabolites were observed following an intervention 

with wine polyphenol intake (WPI, 733 Equivalents of Gallic Acid 
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[GAE/day] per 28 days).  Glucose was significantly associated with the 

OD-c metabotype (FDR correction, p<0.01,) while lactate, betaine and 

dimethylamine showed a less significant trend. Tartarate was 

significantly associated with wine polyphenol intervention (OD-c_WPI 

and H-c_WPI) (FDR correction p<0.001), while mannitol, threonine 

methanol, fucose and 3-hydroxyphenylacetate exhibited a less 

significant trend. 4-HPA (a metabolite derived from gut microbial 

metabolism after wine polyphenol intake) significantly increased (FDR 

correction, p<0.05) for H-c_WPI compared to OD-c_WPI and 

compared to both basal states (H-c_BAS and OD-c_BAS), thereby 

exhibiting a clear metabotypic intervention effect. This study illustrates 

how metabolomics can be used to characterize the heterogeneity in 

individual responsiveness to dietary intervention and the identification 

of health benefits in specific population groups. 
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1 INTRODUCTION 

Metabolic phenotypes (metabotypes) are the result of interactions 

among several different factors (diet, lifestyle, gut microbiota, genetics, 

etc.), and describe characteristic metabolic profiles reflecting the 

biochemistry, the physiological status, and the environmental exposure 

in a population (Rezzi, Ramadan et al. 2007; Holmes, Wilson et al. 

2008). Applications of metabolic phenotyping in nutrition research 

could be very useful in terms of assigning individuals to a particular 

metabolic phenotype. This could help improve our understanding of the 

linkage between both diet and disease with the different individual 

metabotypes (McNiven, German et al. 2011; Kinross, Li et al. 2014). 

Metabolomic technologies permit the characterization of large numbers 

of small molecules in human biofluids. 
1
H-NMR-based metabolomics 

is a very robust technique for performing metabolomic studies, 

enabling the simultaneous detection and quantification of a wide range 

of different metabolites. Because of this, NMR-based metabolomics 

has been applied in a variety of disciplines. In the field of nutrition, 

NMR-based metabolomics has been used to identify the most 

significant changes in a metabolic profile arising from dietary 

intervention studies, dietary biomarker studies and diet related disease 

studies (Brennan 2014). It can also be used to identify new small 
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molecule candidates for disease biomarkers, including conditions such 

as cardiovascular disease (Rupérez, Ramos-Mozo et al. 2012; Yang, 

Wang et al. 2013) 

Cardiovascular disease (CVD) is the leading cause of mortality 

worldwide, with CVD-associated deaths rising very quickly in low-to-

middle income countries. Modifiable risk factors for CVD—which 

include hypertension, smoking, abdominal obesity, abnormal lipids, 

diabetes mellitus, stress, low consumption of fruits and vegetables, and 

lack of regular physical activity—are the major contributors to CVD 

morbidity and mortality (Dahlöf 2010). Additionally, reduced plasma 

HDL levels and elevated plasma TAG concentrations are known to be 

significant risk factors for ischemic heart disease (IHD) (Lewington, 

Whitlock et al. 2007; Frikke-Schmidt, Nordestgaard et al. 2008). C-

reactive protein (CRP) is another CVD risk marker (Ridker, Danielson 

et al. 2009). In addition, high plasma levels of homocysteine are 

considered to be a risk factor for vascular disease, heart failure and 

strokes (Kaptoge, Di Angelantonio et al. 2010). Another important risk 

factor is type 2 diabetes mellitus (T2D). The prevalence of T2D is 

increasing rapidly around the world. Clinical predictors such as body 

mass index (BMI), fat distribution measured by Waist-hip ratio (WHR), 

CRP and fasting blood glucose levels can be helpful in measuring 
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diabetes risk (Pradhan, Manson et al. 2001; Wilson, Meigs et al. 2007; 

Wannamethee, Papacosta et al. 2010; Wang, Larson et al. 2011). 

The low incidence of cardiovascular and coronary heart disease (CHD) 

in Mediterranean countries has been partly assigned to their distinct 

dietary habits (Dauchet, Amouyel et al. 2009). Several studies have 

shown an inverse association between the Mediterranean diet and the 

incidence of CVD (Estruch, Ros et al. 2013). As one of the main 

constituents of Mediterranean diet, wine and its components, especially 

polyphenols, may provide additional health benefits (Chiva-Blanch, 

Urpi-Sarda et al. 2013). In particular, the regular consumption of wine 

polyphenols used in this study appears to mitigate CVD risk factors, 

leading to reduced blood pressure (Chiva-Blanch, Urpi-Sarda et al. 

2012) and inflammatory parameters (Chiva-Blanch, Urpi-Sarda et al. 

2012). The health benefits of polyphenols provided by wine intake are 

of particular interest. In the present study, a long-term feeding trial was 

performed to determine changes in urinary metabolites between 

different metabotypes. Therefore, the aim of the present work was to 

classify a specific population into phenotypic groups according to their 

biochemical characteristics, and then to use 
1
H-NMR-based urinary 

metabolomics to observe the different metabolic responses after red 

wine polyphenols intake. 
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2 MATERIAL AND METHODS 

2. 1 Subjects and Study Design 

The study was a prospective, randomized, crossover, and controlled 

trial (Chiva-Blanch, Urpi-Sarda et al. 2012). High-risk subjects aged 

≥55 years without documented CHD (CHD: ischemic heart disease—

angina/recent or past myocardial infarction/previous or cerebral 

vascular accident, peripheral vascular disease) were recruited for the 

study. The subjects included had diabetes mellitus or more than three of 

the following CHD risk factors: tobacco smoking, hypertension, 

hypercholesterolemia, plasma LDL cholesterol ≥160 mg/dL, plasma 

HDL cholesterol <40 mg/dL, obesity (BMI (in kg/m2) ≥30), and/or a 

family history of premature CHD (first-line male relatives <55 years or 

females <65 years). Participants had to voluntarily give signed 

informed consent. Subjects with a previous history of CVD, any severe 

chronic disease, alcoholism, or other toxic substance abuse were 

excluded.  

To fulfil the objectives of the present study, we used 
1
H-NMR 

spectroscopy to evaluate the urinary metabolomes from 57 participants 

between baseline and after 28 days of red wine polyphenols intake 

(WPI, polyphenol content:733 Equivalents of Gallic Acid [EGA/day]) 
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in form of dealcoholized wine from a Merlot grape variety. Results of 

polyphenol composition analysis of the beverages are shown in 

Supplemental material, Table S1. The Institutional Review Board of the 

hospital approved the study protocol, and all participants gave written 

consent before participation in the study. The trial has been registered 

in the Current Controlled Trials in London, International Standard 

Randomized Controlled Trial Number (ISRCTN88720134).  

2.2 Anthropometric Measurements and Biochemical Analyses 

Anthropometric measurements and biochemical analyses were 

performed using standardized methods (Estruch, Martínez-González et 

al. 2006). BMI and WHR were measured in all the participants to 

evaluate their obesity status. Systolic and diastolic blood pressures as 

well as heart rate were also measured. Clinical parameters were tested 

in the blood and urine of participants at the beginning of the study 

(baseline) in order to characterize the biochemical status of each 

participant. Blood glucose levels, total cholesterol, high-density 

lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol 

(LDL), LDL/HDL ratio, triacylglycerides (TAG), 24h-diuresis, 

plasmatic creatine, uric acid, aminotransferases, bilirubin, ferritin, C-

reactive protein, albumin, enzymes (alkaline phosphatase, lactate 
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dehydrogenase), ions (Na
+
, K

+
), as well as globulins, apolipoprotein 

levels, hemoglobin and red blood cell count; with several coagulation 

parameters (prothrombin, thrombin, fibrinogen) were measured. In 

total, 69 anthropometric and biochemical baseline parameters were 

evaluated. These are shown in Table 1. 

2.3 Biochemical Biomarkers and Clinical Phenotype by a k-means 

Algorithm 

The final data set contained 69 variables from 57 samples (of the initial 

set of 61 individuals, 4 were excluded because of incomplete data 

regarding clinical and anthropometric parameters). Prior to k-means 

analysis all variables were typified. All cluster metrics were computed 

with 1000 different random initializations of the k-means algorithm in 

order to avoid local minima. A maximum number of 100 iterations 

were allowed in the k-means calculations. All computations were 

carried out using the R package for Statistical Computing v. 2.14.1. 

This included the statistics package for the k-means algorithm and the 

clValid package for the cluster validation analysis. Dunn analysis for 

internal coherence and FOM analysis for external homogeneity were 

applied to the dataset employing Euclidean distances and a k-means 

clustering algorithm. Our results suggest that a cluster solution 
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consisting of 4 centers or groups (4 clusters) showed the optimal 

properties of internal coherence and grouping stability (the detailed 

methodology and the validation procedure are in the supplemental 

material).  

2. 4 Metabolomic NMR Spectroscopy 

2.4.1
 1
H-NMR sample preparation, data acquisition and processing 

The protocols used for this work were based on previously published 

methodology (Vázquez-Fresno, Llorach et al. 2012). The urine samples 

were thawed, vortexed, and centrifuged at 13,200 rpm for 5 min. The 

supernatant (600 μL) from each urine sample was mixed with an 

internal standard solution (120 μL, consisting of 0.1 % TSP (3-

(trimethylsilyl)-proprionate-2,2,3,3-d4, chemical shift reference), 2 mM 

of sodium azide (NaN3, bacteriostatic agent), and 1.5 M KH2PO4 in 99 

% deuterium water (D2O)). The optimized pH of the buffer was set at 

7.0, with a potassium deuteroxide (KOD) solution, to minimize 

variations in the chemical shifts of the NMR resonances. The mixture 

was transferred to a 5-mm NMR tube. The processed spectral data were 

bucketed in domains of 0.005 ppm and integrated using ACD/NMR 

Processor 12.0 software (Advanced Chemistry Development, Inc.). The 
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spectral region between 4.75 and 5.00 ppm was excluded from the data 

set to avoid spectral interference from residual water.  

2.5 Statistical Analysis 

2.5.1 Biochemical biomarkers and phenotyping cluster differences 

Clusters were performed using k-means cluster analysis as described 

previously. A Kolmogorov-Smirnov test (p<0.05) was used to test the 

normality of the all variables using SPSS, version 18.0 for Windows 

(SPSS
®
, Chicago, IL, USA). ANOVA analysis was performed to 

evaluate differences in the mean biochemical measurements across 

clusters where statistical differences were analyzed (p<0.05). 

Comparisons between clusters were assessed using a Tukey post-hoc 

multiple comparison test. In the case of non-parametric variables, a 

Kruskall Wallis test was used to test significant differences. 

Additionally, a Mann-Whitney test was used to detect significances 

between clusters. All these tests were performed by SPSS, version 18.0 

for Windows (SPSS
®

, Chicago, IL, USA).  
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2.5.2 Metabolomic cluster analysis- OSC-PLS-DA multivariate 

analysis 

Data generated from the NMR spectral integration were submitted to 

MetaboAnalyst (Xia, Mandal et al. 2012). Data were normalized using 

the sum of the spectral intensities, then log transformed and Pareto 

scaled. Data were then analyzed using the SIMCA-P+ 13 software 

(Umetrics, Umea, Sweden) by multivariate discriminant analysis OSC-

PLS-DA. A pairwise comparison analysis between the four clusters 

was carried out. The quality of the models was evaluated by the 

goodness-of-fit parameter (R
2
X), the proportion of the variance of the 

response variable that is explained by the model (R
2
Y) and the 

predictive ability parameter (Q), which was calculated using seven-fold 

internal cross-validation (Vázquez-Fresno, Llorach et al. 2014). 

Validation of the OSC-PLS-DA models was carried out by a 

permutation test (n=200). Additional information about the 

methodology is provided in the supplementary data. After untargeted 

analysis with baseline samples which characterized two most 

discriminant clusters, then, the quantification of the samples was 

performed for these two clusters. 
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2.5. 3 Metabolomic phenotype analysis by ANOVA  

Quantified data were submitted to MetaboAnalyst in order to find 

possible differences between clusters after WPI and normalized (24-h 

urine volume normalization, cube root transformed and Pareto scaled) 

(Xia, Mandal et al. 2012) before further analysis. Metabolites were 

analyzed by a one-way ANOVA test followed by Fisher’s LSD test for 

multiple comparisons. The false discovery rate (FDR) test, a statistical 

approach to the problem of multiple comparisons, was used in this 

study to counter the effect of multiple testing and verify the most 

discriminating metabolites (Benjamini and Hochberg 1995). Box-plots 

were used to show the statistical differences between treatments with P 

values <0.05 being considered significant. Figure 1 displays a 

summary of the steps followed in this study. 

2.6 Metabolite Identification and Quantification 

The methyl singlet produced by a known quantity of TSP (0.97mM) 

was used as an internal standard for chemical shift referencing (set to 0 

ppm) and for quantification. The 
1
H-NMR spectra were analyzed using 

the Chenomx NMR Suite Professional Software package (version 7.8; 

Chenomx Inc, Edmonton, ALB, Canada), which permitted both 
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identification and quantification by manually fitting the NMR spectra 

to an internal metabolite database.  

3 RESULTS AND DISCUSSION 

3. 1 Characterization of Clinical Phenotypes.  

61 participants were initially recruited into this study; of these, 57 

participants were included in the final cluster analysis (4 were removed 

from the study because an incomplete biochemical profile). Of the 69 

baseline biochemical parameters, k-means cluster analysis classified 4 

distinct phenotypic groups: cluster 1 (n= 12), cluster 2 (n= 13), cluster 

3 (n= 14) and cluster 4 (n= 18). Age, smoking habits, mean dietary 

intake, mean concentrations of biochemical parameters and statistical 

tests for each cluster are presented in Table 1. Cluster 1 was defined by 

a significantly lower systolic blood pressure (mmHg), α2-globulin (%) 

and neutrophil levels (%); higher total cholesterol (mg/dL), LDL 

cholesterol (mg/dL), apolipoprotein B (mg/dL), and apolipoprotein 

B/apolipoprotein A ratio (APOB/APOA), compared with all other 

clusters. Cluster 2 showed lower LDL/HDL ratio compared with all 

other clusters and significantly higher blood glucose levels compared to 

cluster 4. Cluster 3 was characterized by significantly higher BMI 

values, α2-globulin (%), β-globulin (%),albumin/globulin ratio, and 
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homocysteine (µmol/L) levels and a lower albumin percentage (%) 

compared with the other clusters. In addition, CRP values were the 

highest in cluster 3 and statistically significant compared with clusters 

1 and 4. Furthermore, glucose levels were significantly higher in cluster 

3 (>126mg/dL) compared with cluster 4 (<110mg/dL). More than 

>126mg/dL is diagnostic of T2D following the American Diabetes 

Association (ADA) criteria. Cluster 3 had the highest but not 

statistically significant values of the WHR index, a measure of fat 

distribution and also a BMI>30 indicating an obese participants cluster 

(Apovian and Gokce 2012). There is a strong positive association 

between obesity (measured by BMI) and risk of T2D in men 

(Wannamethee, Papacosta et al. 2010). In epidemiological studies, high 

plasma levels of homocysteine (hyperhomocysteinemia) are considered 

to be a risk factor for vascular disease (Welch and Loscalzo 1998), 

heart failure and strokes (Collaboration 2002). Among persons with 

T2D, the association between homocysteine levels and cardiovascular 

disease may be stronger than that in non-diabetic individuals 

(Ndrepepa, Kastrati et al. 2008). Moreover, cluster 3 showed the lowest 

HDL-cholesterol levels and the highest TAG levels compared to the 

other clusters. These features are considered risk factors for IHD 

(Lewington, Whitlock et al. 2007; Frikke-Schmidt, Nordestgaard et al. 
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2008). Finally, cluster 4 showed significantly lower concentrations of 

TAG (mg/dL), leucocyte count (x10
9
/L), neutrophils (x10

9
/L), 

lymphocytes (x10
9
/L) and erythrocyte sedimentation rate (mm/h) than 

cluster 3; also K (mEq/L) presented lower levels compared to other 

clusters. The elevated circulating white blood cell count (neutrophils, 

lymphocytes and monocytes) has been proposed as one of a few 

biomarkers of potential utility for cardiovascular disease risk prediction 

(Horne, Anderson et al. 2005). Moreover, the erythrocyte 

sedimentation rate (<10 mm/h) may be indicative of inflammation and 

a useful additional diagnostic criterion for coronary heart disease 

(Yayan 2012). On the other hand, low serum potassium levels (<4 

mEq/L) in a propensity-matched study was associated with higher 

mortality and chronic heart failure (Ahmed, Zannad et al. 2007). 

Overall, cluster 4 had lower levels of cardiovascular disease biomarkers 

than all other clusters (Table 1).  

3.2 Clinical Phenotypes and NMR-based Metabolomic Profiles 

After separation of the participants into 4 biochemically distinct 

clusters, an OSC-PLS-DA analysis was performed to discriminate the 

clusters by their NMR-derived urinary profiles. The results obtained by 

OSC-PLS-DA showed that the most strongly discriminated clusters 
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were cluster 3 versus cluster 4 (see Supplemental Material); for this 

reason, all subsequent analyses were focused on further characterizing 

cluster 3 which was named the “obese and diabetic cluster” (OD-c), 

versus cluster 4 or named the “healthier cluster” (H-c).  

3. 3 Metabolomic Phenotype Analysis to Responses to Wine 

Polyphenol Intake 

Table 2 presents the results from the multiple comparison ANOVA 

analysis comparing cluster OD-c and H-c before and after wine 

polyphenols intake (WPI). Several metabolites exhibited to be 

associated to wine polyphenols intervention including tartrate, 4-

hydroxyphenylacetate (4-HPA), 3-hydroxyphenylacetate (3-HPA), 

mannitol, methanol threonine and fucose. Further, 4 metabolites 

presented an association to metabolic phenotype (OD-c) which includes 

glucose, lactate betaine and dimethylamine, associated to obesity and 

TD2 (Xie, Waters et al. 2012; Menni, Fauman et al. 2013). 

After false discovery rate (FDR) correction, tartrate, glucose and 4-

hydroxyphenylacetate (4-HPA) exhibited significant results. Different 

patterns of response were observed for these 3 metabolites: Tartrate 

was higher for both clusters after WPI (OD-c_WPI and H-c_WPI) 

(wine polyphenols intervention metabolite). Glucose was higher in the 
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baseline group and after intervention in cluster OD-c (OD-c_BAS, OD-

c_WPI) compared with cluster H-c (H-c_BAS and H-c_WPI) 

(metabolic phenotype related metabolite) characteristic for cluster OD-

c. Finally, 4-HPA showed higher urinary excretion after WPI among 

subjects H-c_WPI than those in OD-c_WPI and at baseline (OD-

c_BAS, H-c_BAS), exhibiting a distinct post-intervention metabolic 

response in individuals for different clusters (metabotypic intervention 

effect). Box-plots show the statistical differences observed for these 

metabolites by multiple comparison ANOVA analysis (Figure 2).  

Tartrate is the major organic acid in grapes and so it is also present in 

wine (Son, Kim et al. 2008; Son, Hwang et al. 2009). Recently, it has 

been proposed to be a biomarker of wine consumption for both 

interventional and epidemiological studies (Vázquez-Fresno, Llorach et 

al. 2014). The quantity of excreted urinary tartarate for OD-c_WPI was 

1.06±0.19 mmols (84.57±14.58 µM/mM creatinine), as well as H-

c_WPI 1.29±0.29 µmols (107.89±16.69 µM/mM creatinine) in 24h-

urine samples (Table 2). Similar to our results, a recent study reported 

a tartrate concentration of 91.8µg/mg creatinine (73.69 µM/mM 

creatinine) measured after 10h of acute wine intake (200 ml) (Regueiro, 

Vallverdú-Queralt et al. 2013). Additionally, the presence of this 

metabolite at statistically significant levels in both groups after WPI 
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demonstrated a global compliance by all individuals in this intervention 

study. 

The presence of glucose in urine has long been used as an indicator of 

diabetes mellitus (Urakami, Kubota et al. 2005). T2D is characterized 

by the presence of glucose in urine, obesity, as well as high serum 

levels of homocysteine and CRP, which are all characteristics of the 

OD-c subjects (Table 1). Moreover, there is a strong positive 

association between obesity (measured by BMI) and T2D risk 

(Wannamethee, Papacosta et al. 2010). The amount of glucose excreted 

for volunteers corresponding to the OD-c were 14.04±7.56 mmols 

(2157.79±1108.56 µM/mM creatinine) and 13.78±7.85 mmols 

(1613.70±1042.12 µM/mM creatinine) in 24h-urine samples for the 

OD-c_BAS and OD-c_WPI groups, respectively. These values were 

significantly higher than concentrations found in normal urine (12.5 - 

58.4 µM/mM creatinine) (Bouatra, Aziat et al. 2013). When reported 

values of glucose in urine are ≥100 mg/dl (5.5 mM) it is considered to 

be a positive test for diabetes (Urakami, Kubota et al. 2005).  

Lastly, 4-hydroxyphenylacetate (4-HPA) is a metabolite involved in 

tyrosine and phenylalanine metabolism. 4-HPA is also a compound that 

is known to be increased in urine after consumption of wine (Vázquez-
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Fresno, Llorach et al. 2012), chocolate (Martin, Rezzi et al. 2009), or 

cranberries (Prior, Rogers et al. 2010). This is because it is also a 

metabolic byproduct of polyphenol degradation by gut microbiota 

(Moco, Martin et al. 2012), particularly F. prausnitzii, Bifidobacterium, 

Clostridium difficile, Subdoligranulum, Lactobacillus sp. are thought to 

be responsible for the metabolism of 4-HPA (Nicholson, Holmes et al. 

2012). The amount of 4-HPA excreted for the differential response 

cluster (H-c_WPI) was 0.28±0.03 mmols (25.35±1.48 µM/mM 

creatinine), significantly higher than excretion values described in the 

literature under normal conditions (1.4-14.6 µM/mM creatinine) 

(Bouatra, Aziat et al. 2013). It has been suggested that obese and 

diabetic people experience changes in gut microbial metabolites as a 

result of cardiovascular related pathologies (Shen, Obin et al. 2013). 

Several studies have found a decrease in Bifidobacterium, F. 

prausnitzii, and certain species of Clostridium and Lactobacillus in 

obese (Tagliabue and Elli 2013) and diabetic subjects (Everard and 

Cani 2013). These findings are in agreement with our results, as lower 

levels of 4-HPA were found in cluster OD-c than in cluster H-c after 

wine polyphehols intake. 
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4 CONCLUSIONS 

The present study has shown that phenotypic analysis using an 

unsupervised clustering technique (k-means analysis) can identify 

clusters according with their biochemical profiles. The two most 

discriminating clusters were named according to their clinical 

parameters and identified as the “obese and diabetic cluster” (OD-c) 

and the “healthier cluster” (H-c). Moreover, metabolomic phenotyping 

using NMR detected a distinct metabolic response between individuals 

grouped in these phenotypic clusters. In particular, comparisons 

between OD-c and H-c exhibited different levels of excretion of 4-HPA 

after wine polyphenols intake. Likewise, a metabolite linked with a 

specific metabotype (glucose) and another metabolite linked with 

dietary intervention (tartrate) were also observed. According to our 

results, the subjects in OD-c appear to have an altered gut metabolism 

compared to individuals in H-c. Lastly, this approach showed efficient 

strategies for characterizing the heterogeneity of inter-individual 

responses to a dietary intervention and for identifying associations with 

health, and health benefits in specific population groups. 
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TABLES 

Table 1. Biochemical and anthropometrical parameters of subjects and 

mean baseline concentration of individuals clusters. P-values of 

ANOVA test () for parametric variables and Kruskall Wallis test (
♦
) 

for non-parametric variables, (p<0.05) for both tests. Superscript 

numbers (
1,2,3,4

) indicate differences between number cluster shown, in 

Tukey post-hoc test (for parametrical variables) and Mann-Whitney 

test.(for non-parametrical variables). 

 

 

 Cluster 

1 (n=12) 

Cluster 

2 (n=13) 

Cluster 

3  (n=14) 

Cluster 

4 (n=18) 

p-value 

Characteristics 

Age (y) 59.83 

±8.62 

62.08 ± 

10.84 

61.21 ± 

5.98 

59.78 ± 

8.13 

0.87
+ 

Current 

smokers (%) 

1.75 ± 

0.45 

1.85 ± 

0.38 

1.86 ± 

0.36 

1.72 ± 

0.46 

0.14
♦
 

Dietary Data 

Energy (MJ) 8074.70 

± 211.65 

8046.42±

1738.63 

8347.50±

1909.31 

7387.47 

± 

1838.73 

0.54
+
 

TE protein (%) 21.37 ± 

1.97 

20.55 ± 

3.17 

19.86 ± 

4.04 

21.12 ± 

3.94 

0.70
+
 

TE 

carbohydrates 

(%) 

43.19 ± 

7.02 

40.57 ± 

8.58 

43.05 ± 

8.27 

41.90 

±7.03 

0.83
+
 

TE fat (%) 33.68 ± 

6.60 

37.31 ± 

7.36 

36.44 ± 

6.26 

36.22 ± 

4.54 

0.56
+
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Anthropometrical and biochemical parameters 

BMI (kg/m
2
) 28.17 ± 

2.62 

27.33 ± 

2.78 

33.56 ± 

4.01
1,2,4

 

29.02 ± 

3.86 

<0.001
+ 

Waist-hip ratio 0.94 ± 

0.05 

0.98 ± 

0.03 

0.99 ± 

0.05
1 

0.96 ± 

0.04 

0.01
+ 

Heart Rate 

(beats/min) 

72.17 ± 

11.85 

69.69 ± 

7.09 

68.71 ± 

10.71 

68.78 ± 

8.94 

0.78
+ 

Systolic blood 

pressure (mm 

Hg) 

124.58 ± 

15.08
2,3,4 

153.54 ± 

17.58 

143.14 ± 

13.79 

141.22 ± 

12.06 

<0.001
+ 

Diastolic blood 

pressure (mm 

Hg) 

81.58 ± 

9.1
 

79.23 ± 

7.36 

77.00 ± 

9.14 

84.50 ± 

8.59 

0.098
+ 

CRP (mg/dL) 0.15 ± 

0.09 

0.27 ± 

0.31
 

0.37 ± 

0.29
1,4 

0.14 ± 

0.18
2,3 

0.028
♦
 

Glucose (mg/dL) 101.25 ± 

20.87 

119.92 ± 

28.62
 

132.07 ± 

53.84
1,4 

95.22 ± 

18.10
2,3 

0.01
♦
 

Diuresi 24h 

(mL) 

1587.50 

± 621.35 

1946.15 

±753.45
4 

1470.00 

± 441.46 

1339.56±

425.43 

0.03
+ 

Plasmatic 

creatinine 

(mg/dL) 

1.01 ± 

0.17 

0.96  ± 

0.19 

1.02  ± 

0.11 

0.96  ± 

0.11 

0.52
+ 

Uric acid 

(mg/dL) 

6.58  ± 

1.47 

6.10  ± 

0.85 

6.89  ± 

1.38 

6.11  ± 

0.78 

0.19
+ 

Na (mEq/L) 141.75  ± 

2.14 

141.15  ± 

1.77 

141.36  ± 

2.06 

140.72  ± 

1.49 

0.50
+ 

K (mEq/L) 4.28  ± 

0.23 

4.19  ± 

0.36 

4.24  ± 

0.33 

3.90  ± 

0.24
1,2,3

 

0.002
+ 
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P (mEq/L) 3.66  ± 

0.61
2
 

3.02  ± 

0.49 

3.40  ± 

0.58 

3.09  ± 

0.67 

0.03
+ 

Mg (mEq/L) 2.07  ± 

0.19 

2.21  ± 

0.31 

2.02  ± 

0.15 

2.12  ± 

0.16 

0.13
+ 

Fe (mEq/L) 85.00  ± 

23.65 

99.38  ± 

26.96 

75.43  ± 

21.18 

94.89  ± 

30.19 

0.084
+ 

Total cholesterol 

(mg/dL) 

243.83±3

6.28
2,3,4 

189.69  ± 

14.68 

184.79  ± 

20.79 

203.28  ± 

40.97 

<0.001
+ 

LDL cholesterol 

(mg/dL) 

167.33 

±32.82
2,3,

4 

116.92  ± 

14.14 

114.71  ± 

17.87 

137.67  ± 

33.57 

<0.001
+
 

HDL cholesterol 

(mg/dL) 

48.92  ± 

13.14 

52.46  ± 

9.98 

37.86  ± 

5.07
1,2 

46.61  ± 

10.09 

0.003
+ 

LDL 

cholesterol:HDL 

cholesterol ratio 

3.61  ± 

1.06 

2.31  ± 

0.54
1,3,4 

3.06  ± 

0.50 

2.98  ± 

0.53 

<0.001
+ 

Triglycerides 

(mg/dL) 

138.17  ± 

59.29 

101.69  ± 

33.27 

160.71  ± 

73.14
2,4

 

95.61  ± 

35.28 

0.03
+
 

Apolipoprotein 

APOA1 (mg/dL) 

146.58  ± 

23.36 

157.92  ± 

14.83
3
 

138.43  ± 

15.16 

147.33  ± 

17.28 

0.05
+ 

Apolipoprotein 

APOB (mg/dL) 

136.42 ± 

24.98
2,3,4

 

98.85  ± 

13.37 

103.36  ± 

13.89 

106.50  ± 

19.96 

<0.001
+ 

APOB/A ratio 0.95  ± 

0.23
2,3,4

 

0.63  ± 

0.095 

0.76  ± 

0.15 

0.72  ± 

0.086 

<0.001
+ 

ASAT (UI/L) 30.08  ± 

13.56 

23.23  ± 

4.92 

28.14  ± 

10.6 

24.39  ± 

6.05 

0.203
♦ 

ALAT (UI/L) 44.42  ± 

41.39 

26.15  ± 

8.97 

31.21  ± 

16.33 

28.83 ± 

15.03 

0.230
♦ 
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GGT (UI/L) 42.00  ± 

33.68 

26.08  ± 

7.95 

36.71  ± 

25.78
 

27.22 ± 

17.36 

0.450
♦ 

Bilirubin 

(mg/dL) 

0.77  ± 

0.31 

0.85  ± 

0.26
3 

0.56  ± 

0.12
2 

0.73  ± 

0.25 

0.024
♦ 

Alkaline 

phosphatase 

(UI/L) 

135.00  ± 

20.69 

162.54  ± 

53.67 

127.29  ± 

31.30 

135.28±3

4.03 

0.082
+ 

Lactate DH 

(UI/L) 

327.83  ± 

64.77 

305.31  ± 

16.25 

340.50  ± 

63.66 

357.39±4

6.26 

0.104
+ 

Total proteins 

(g/L) 

74.08  ± 

2.64 

73.46  ± 

3.69 

72.14  ± 

2.69 

69.94±2.

75
1,2 

0.001
+ 

Albumin (g/L) 47.33  ± 

1.92 

47.31  ± 

1.88
3,4 

44.00  ± 

2.77 

43.39  ± 

1.82 

<0.001
+ 

Albumin (%) 65.87  ± 

2.11 

64.79  ± 

2.49 

60.32  ± 

3.82
1,2,4 

63.36  ± 

2.53 

<0.001
+ 

 α1 globulin  (%) 2.76  ± 

0.22
3,4 

3.10  ± 

0.46 

3.53  ± 

0.48 

3.27  ± 

0.62 

0.002
+ 

α2 globulin (%) 5.93  ± 

0.74
2,3,4 

7.39  ± 

1.14 

9.10  ± 

1.62
1,2,4 

7.25  ± 

1.49 

<0.001
+ 

Β globulin (%) 11.19  ± 

0.76 

11.21  ± 

1.28 

12.80  ± 

1.83
1,2,4 

11.02  ± 

0.87 

0.001
+ 

Γ globulin (%) 14.25  ± 

1.99 

13.52  ± 

2.04 

14.25  ± 

2.68 

15.10  ± 

1.77 

0.25
+ 

Albumin:globuli

n ratio 

1.94  ± 

0.18 

1.85  ± 

0.21 

1.54  ± 

0.24
1,2,4 

1.74  ± 

0.19 

<0.001
+ 

Ferritine(ng/mL

) 

167.92  ± 

102.02
 

187.85  ± 

166.93 

179.07  ± 

144.77 

208.56±1

52.61 

0.89
+ 
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Folic acid  

(serum) (ng/mL) 

9.50  ± 

3.43 

10.98  ± 

2.79 

8.51  ± 

3.52 

10.27  ± 

4.65 

0.36
+ 

Intra-

erythrocytary 

folic acid 

(ng/mL) 

333.27  ± 

79.13 

401.54  ± 

69.95 

417.57  ± 

107.39 

374.38  ± 

80.27 

0.08
+ 

Vitamin B-12 

(pg/mL) 

525.58  ± 

368.70 

428.85  ± 

145.05 

377.07  ± 

139.37 

380.44 

±110.63 

0.29
♦ 

Homocysteine 

(µmol /L) 

11.07  ± 

2.60 

11.17  ± 

1.24
1,2,4 

14.31  ± 

4.28 

11.26  ± 

1.79 

0.005
+ 

Hemoglobin 

concentration 

(g/L) 

152.75  ± 

9.92 

151.00  ± 

11.77 

143.57  ± 

9.15 

147.33  ± 

8.09 

0.08
+ 

Hematocrit 

(L/L) 

0.45  ± 

0.03 

0.45  ± 

0.03 

0.43  ± 

0.03 

0.44  ± 

0.025 

0.16
+ 

Erythrocyte 

mean 

corpuscular 

volume (fL) 

89.80  ± 

2.59 

91.05  ± 

3.73 

90.35  ± 

5.30 

88.78  ± 

3.35 

0.42
+ 

Mean 

corpuscular 

hemoglobin (pg) 

30.20  ± 

0.93 

30.82  ± 

0.98 

30.31  ± 

1.89  

29.88  ± 

1.16 

0.28
+ 

Mean 

corpuscular 

hemoglobin 

concentration 

(g/L) 

336.25  ± 

5.15 

338.45  ± 

4.74 

335.57  ± 

7.44 

336.56  ± 

9.99 

0.78
+ 

Erytrocyte 

sedimentation 

rate (mm/h) 

7.08  ± 

4.44 

8.08  ± 

3.86 

11.07  ± 

5.26
1,4

 

5.44  ± 

2.31
2,3 

0.003
♦ 
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Reed 

distribution 

width (%) 

13.06  ± 

0.58
4 

13.17  ± 

0.59 

13.59  ± 

0.66 

13.68  ± 

0.53 

0.01
+ 

Hemoglobin 

distribution 

width (g/L) 

25.74  ± 

1.46 

24.49  ± 

1.96 

25.51  ± 

2.65 

26.03  ± 

2.18 

0.24
+ 

Platelet count 

(x109/L) 

282.17  ± 

56.36
4 

233.54  ± 

45.98 

264.64  ± 

63.99 

220.17  ± 

33.78
 

0.006
+ 

Mean platelet 

volume (fL) 

8.27  ± 

0.47
 

9.11  ± 

0.74 

8.85  ± 

0.72 

8.89  ± 

0.99 

0.05
+ 

Leucocyte count  

(x10
9
/L) 

6.84  ± 

1.73 

7.09  ± 

0.88 

7.96  ± 

1.23
4
 

6.15  ± 

1.30 

0.004
+ 

Neutrophils (%) 50.45  ± 

5.82
2,3,4 

63.84  ± 

8.78 

58.26  ± 

4.43 

58.21  ± 

6.32 

<0.001
+ 

Lymphocytes 

(%) 

35.83  ± 

4.42
2,4 

24.90  ± 

7.07 

29.90  ± 

5.06 

29.83  ± 

5.87 

<0.001
+ 

Monocytes (%) 6.58  ± 

1.07 

5.85  ± 

1.09 

6.44  ± 

0.88 

7.47  ± 

0.63
2,3 

<0.001
+ 

Eosinophils (%) 4.12  ± 

2.04
2,4 

2.65  ± 

1.23 

2.77 ± 

1.19 

2.15  ± 

0.72 

0.002
+ 

Basophils (%) 0.71  ± 

0.25 

0.79  ± 

0.39
4 

0.57 ± 

0.2 

0.49  ± 

0.19 

0.01
+ 

Unclassified 

cells (%) 

2.16  ± 

0.95 

1.99  ± 

0.93 

2.05 ± 

0.50 

1.86  ± 

0.56 

0.726
+ 

Neutrophils ( 

x10
9
/L) 

3.49  ± 

1.11
 

4.55  ± 

0.89
1,4 

4.63  ± 

0.79
1,4 

3.56  ± 

0.84 

0.001
+ 

Lymphocytes ( 

x10
9
/L) 

2.43  ± 

0.61
2,4 

1.75  ± 

0.46
1,3 

2.39  ± 

0.56
2,4 

1.85  ± 

0.57 

0.002
+ 
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All values are mean ± SD, p-values are based on simple ANOVA test (
+
) for 

parametric variables and Kruskall Wallis test (
♦
) for non-parametric variables, 

(p<0.05 for both tests); Superscript numbers adjacent to values from each 

cluster denote a significant difference between indicated cluster number based 

on Tukey post-hoc test (for parametrical variables) and Mann-Whitney 

test.(for non-parametrical variables). TE protein %: protein as percentage of 

total energy intake; TE carbohydrate%: carbohydrate as percentage of total 

energy intake; TE fat %: fat as percentage of total energy intake. PCR: c-

reactive protein; BMI: body mass index; ASAT: aspartate aminotranspherase; 

ALAT: alanine aminotransferase; GGT:gamma-glutamyl transpeptidase; Na: 

sodium; K: potassium; P: phosphorous; Mg: Magnessium; Fe: iron. DH: 

dehydrogenase. 

 

  

Monocytes ( 

x10
9
/L) 

0.45  ± 

0.12
 

0.42  ± 

0.10
 

0.52  ± 

0.13
 

0.45  ± 

0.10 

0.24
♦ 

Eosinophil ( 

x10
9
/L) 

0.27  ± 

0.15
 

0.19  ± 

0.086 

0.21  ± 

0.09 

0.13  ± 

0.05
1,2,3 

0.001
♦ 

Basophils ( 

x10
9
/L) 

0.05  ± 

0.03
 

0.05  ± 

0.04 

0.03  ± 

0.04 

0.08  ± 

0.01
1,2 

0.002
♦ 

Unclassified 

cells ( x10
9
/L) 

0.16  ± 

0.06 

0.15  ± 

0.06 

0.17  ± 

0.05
4 

0.11  ± 

0.05
1,3 

0.029
♦ 

Prothrombin 

time (%) 

97.58  ± 

3.68
4 

95.54  ± 

5.72 

96.00  ± 

4.93 

92.50  ± 

5.83 

0.126
♦ 

Prothrombin 

time (seg) 

13.07  ± 

0.45 

13.23  ± 

0.78 

13.29  ± 

0.47 

13.56  ± 

0.67 

0.186
+ 

Thromboplastin 

partial time 

(seg) 

28.48  ± 

0.89 

26.65  ± 

7.97  

26.38  ± 

7.55 

29.35  ± 

2.11 

0.386
+ 

Fibrinogen (g/L) 3.18  ± 

0.51 

4.08  ± 

0.82
1,4 

3.73  ± 

0.62 

3.18  ± 

0.37 

<0.001
+ 
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Figure 2. Box-plots of the metabolites derived from ANOVA test (p<0.05 

after FDR correction). Different letters indicate significant differences 

between interventions. OD-c_BAS: obese and diabetic cluster in basal period; 

H-c_BAS: healthier cluster in basal period; OD-c_WPI: obese and diabetic 

cluster after wine polyphenols intake; H-c_WPI: healthier cluster after wine 

polyphenols intake.   
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Supplemental Material  

Table S1. Phenolic composition of wine polyphenols from 

the study. Mean ± SD. 

  

Alcohol (%) 0.42 

Total phenols (mEqGA/L) 2694.92 ± 86.79 

Gallic acid (mg/L) 73.17 ± 7.01 

Protocatechuic acid (mg/L) 5.85 ± 0.51 

Tyrosol (mg/L) 47.81 ± 3.90 

Catechin (mg/L) 126.45 ± 13.35 

Epicatechin (mg/L) 70.57 ± 8.22 

trans-Caftaric 19.21 ± 1.62 

trans-Caffeic (mg/L) 12.18 ± 0.92 

trans- Coutaric (mg/L) 5.62 ± 0.52 

2-S-glutationylcaftaric (mg/L) 10.76 ± 1.26 

Quercetin-3-glucuronide (mg/L) 11.25 ± 1.42 

Quercetin (mg/L) 23.82 ± 2.37 

Isorhamnetin (mg/L) 2.96 ± 0.14 

Delphinidin-3-glucoside (mg/L) 14.71 ± 1.62 

Petunidin-3-glucoside (mg/L) 12.04 ± 1.15 

Peonidin-3-glucoside (mg/L) 6.68 ± 0.57 

Malvidin-3-glucoside (mg/L) 49.86 ±4.27 

Malvidin-(6-acetyl)-3-glucoside (mg/L) 10.41 ± 1.20 

Malvidin-(6-coumaroyl)-3-glucoside (mg/L) 3.54 ± 0.33 

trans-Resveratrol (mg/L) 2.73 ± 0.23 

cis-Resveratrol 2.75 ± 0.15 

trans-Piceid (mg/L) 10.53 ± 0.96 

cis-Piceid (mg/L) 7.08 ± 0.87 
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Supplemental Methodology  

1.- K-means clustering 

Given the experimental structure, there is no prior knowledge on the 

number of possible clusters in the dataset. Thus, a cluster-complexity or 

number-of-clusters analysis has been performed by taking into 

consideration the number of clusters ranging from 2 to 6, limiting the 

analysis to 6 clusters in order to obtain at least 10 samples/cluster.  

The cluster complexity analysis consisted of two principal measures. 

The first index is an internal clustering measurement proposed by J.C. 

Dunn (Dunn 1974). This index is based on the principle that clusters 

should be compact and separated, as measured in (1), 

D = min1 ≤ i≤n (min1 ≤ j≤n,i≠j (
d(ci,cj)

max1≤k≤(d′(ck))
))  (1)  

where n is the number of clusters, d(ci,cj) is the distance function 

between cluster i and j (distance between centroids), and d’(ck) is the 

intracluster distance for cluster k (mean sum of distances between  the 

objects in the same cluster, sometimes approximated as its maximum). 

For a given clustering solution, a higher Dunn index indicates a better 

cluster structure.  

The second index is the Figure of Merit (FOM), which is an estimate of 

the predictive power of a clustering algorithm. FOM was proposed by 

Yeung et al. to compare the overall homogeneity of clusters formed by 

different clustering methods on the same data (Yeung, Haynor et al. 

2001). Thus, it deems the cluster solution that generates the most 

homogenous clusters as optimal. FOM is based on the assumption that 

validity of a cluster is increasing in value if in a second experiment the 

same samples would group together and reveal similar values.  (2), 

FOM(l, K) = √
1

N
∑ ∑ d(xi,l, μCk

(l))i∈Ck(l)
K
k=1   (2) 

 where μCk
(l) is the mean peak value  for cluster k, xi,l is the 

measurement of the variable l for sample i. The expression in (2) is 
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adjusted with a factor (√
N

N−K
) before it is aggregated over all variables. 

In contrast to the Dunn index, smaller values indicate better 

homogeneities.  

Both analyses (the Dunn analysis for internal coherence and FOM 

analysis for external homogeneity are shown in Figure 1) were applied 

to the dataset employing Euclidean distances and a k-means clustering 

algorithm (MacQueen 1967). Results suggest that a cluster solution of 4 

centers is revealing some group structure from the dataset showing 

optimal properties of internal coherence and grouping stability.  

Figure 1. Results of Dunn analysis for internal coherence and FOM 

analysis for external homogeneity  

 

2.- OSC-PLS-DA. 

The dataset derived from the peak integration was submitted to 

MetaboAnalyst. The dataset was normalized by the sum of the 

intensities of the spectra. A normalized dataset was then submitted to 

SIMCA-P+ 11.5 (Umetrics,Umea, Sweden).  To improve the data 

analysis, a preprocessing filter, termed an orthogonal signal correction 

(OSC) was selected. The OSC filter can selectively remove the 

variation of data X (NMR data set) having no correlation with Y 

(cluster assignation). This filter was carried out by the SIMCA-P 

software. 
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The data set was log transformed and Pareto-scaled before partial least 

squares discriminant analysis with orthogonal signal correction (OSC-

PLS-DA). Pairwise comparison between the four clusters was carried 

out. The quality of the models was evaluated by parameters largely 

used in most metabolomics studies, namely the goodness-of-fit 

parameter (R2X), the proportion of the variance of the response 

variable that is explained by the model (R2Y) and the predictive ability 

parameter (Q2), which was calculated by a seven-round internal cross-

validation of the data using a default option of the SIMCA-P+ 11.5 

software. Values of Q2 < 0 suggests a model with no predictive ability, 

with the reliability increasing as Q2 approaches 1. The results obtained 

by OSC-PLS-DA showed that the most discriminated clusters were 3 

versus 4 (Supplemental Table 1).  

Supplemental Table 1. OSC-PLS-DA scores based on 
1
H-NMR 

signals of urine samples comparing the four clusters (c1, c2, c3 and c4).  

R
2
X R

2
Y Q

2
(cum) Comparison Permutation test, 

n=200 

(intercept R
2
, Q

2
) 

0.103 0.881 0.581 c1 vs c2 0.67, -0.13  

0.165 0.985 0.914 c1 vs c3 0.53, -0.20  

0.077 0.858 0.458 c1 vs c4 0.64, -0.08  

0.138 0.942 0.834 c2 vs c3 0.57, -0.19  

0.117 0.976 0.880 c2 vs c4 0.58, -0.20  

0.207 0.991 0.962 c3 vs c4 0.40, -0.23*  

* The y-axis intercept (R
2
 and Q

2
 when the correlation coefficient is zero) is 

an indication of over fit; lowest R
2
- intercept limit and a negative Q

2
-intercept 

limit for comparison of c3 vs c4, indicating a valid model (Llorach-Asunción, 

Jauregui et al. 2010; Pujos-Guillot, Hubert et al. 2013). 
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5.2. NUTRITIONAL BIOMARKERS OF 

HEALTH AFTER SUPPLEMENT INTAKE 

 

Evaluation of a probiotic on the metabolic footprint 

in a population of women with mastitis  

 

Determining the metabolic footprint in the urine of women with mastitis 

after ingestion of a probiotic after 21 days was published in Pharmacological 

Research journal, indexed in the Journal Citation Reports with an impact 

factor of 3.976 (2013) and located in the first quartile of the category 

PHARMACOLOGY & PHARMACY (38/256). 

Rosa Vázquez-Fresno, Rafael Llorach, Jelena Marinic, Sara Tulipani, 

Mar Garcia-Aloy, Irene Espinosa-Martos, Esther Jiménez, Juan Miguel 

Rodríguez, Cristina Andres-Lacueva. Urinary metabolomic 

fingerprinting after consumption of a probiotic strain in women with 

mastitis. Pharmacological Research 2014 Sep;87:160-5. doi: 

10.1016/j.phrs.2014.05.010. 
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Supplementary Material 

 

Collection Procedures for urine samples 

 

Women were asked to collect 24 h urine samples as follows: 

 

 On day 1, urinate into the toilet when you get up in the morning. 

Note the exact time (e.g., 6:15 AM). 

 Afterwards, collect all urine in the provided container for the 

next 24 h. 

 On day 2, urinate into the container when you get up in the 

morning. This should be within ten minutes before or after the time 

of the first morning void on the first day (which was flushed). In this 

example, you would try to void between 6:05 and 6:25 on the second 

day. 

 Cap the container. Keep it in the refrigerator (4–8 ºC) during the 

whole collection period. 

 Label the container with your name, the date and the time of 

completion, and return it as instructed. 

No preservative was used for urine collection. However, urine bacterial 

concentration (CFU/ml) did not significantly change between 0 and 24 

h samples (100 µl) as assessed by BHI (total count), MCK 

(enterobacteriaceae) and CNA (bacteria with fastidious growth) agar 

plate cultures. 
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Table S1. Characteristics of the study women (n = 23). 

 

Characteristic n 

1. Age  

<32  7 

32–37 10 

>37 years 6 

2. Number of children  

1 16 

2 5 

3 2 

3. Type of delivery   

Vaginal 21 

C-section 2 

4. Lactation (days)  

≤ 30 days 7 

30<days<72 9 

≥72 days 7 

 

 

Table S2. Controlled diet for 48 h prior to the volunteers’ urine 

collection. 

Food Restricted  

(from day 3 before to the 
day of the study, both 

included) 

Drinks Prohibited  

(from day 3 to the day of 
the study, both included) 

Foods allowed 

Fruits, vegetables, jams, 

garlic, parsley, olives, 
virgin / extra virgin olive 

oil, potatoes, nuts (walnuts, 

almonds, peanuts etc.), 
honey, legumes, soy 

products, mushrooms, 

chocolate and 

confectionery containing it. 

Tea, coffee, beer, wine, 

champagne, smoothies, 
cocoa, cider, fruit juices, 

colas, orangeade, and 

other fruit soft drinks. 

Dairy products, meat 

and meat products, 
poultry, eggs, rice, 

pasta, white bread 

and pastries without 
chocolate, fish, 

seafood. 

 

Proposed menu for the day before the study day 
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Breakfast:  

A choice of:  

-cookies or pastries (croissant, brioche buns ...) Not whole bread, without 
chocolate or fruit, jam or preserves.  

-sandwich or snack (sliced bread or white bread (not whole or cereal bread.)) 

with ham and / or cheese and / or ham (no tomato). 
- Glass of white milk or yogurt or any other dairy product (no chocolate, 

coffee or fruit). 

 
Lunch (choice of)  

Pasta carbonara (cream, bacon, cheese)  

- Meat or fish, baked, boiled to taste, but remember not to use extra virgin / 

virgin olive oil. White rice can be used as garnish. 
- Omelette (or shrimps, cheese, tuna ...) or fried eggs, or boiled.  

- White bread or sliced bread (not whole or cereal bread.)  

- Egg custard or rice pudding or plain yogurt. 
 

Dinner:  

A choice of:  
- Rice with ham, prawns, crab sticks and omelettes (not olive oil).  

- Omelette with ham and / or cheese  

- Chicken or escalope and / or tuna  

- White bread or sliced bread (not whole or cereal bread)  
- Egg custard or rice pudding or plain yogurt 

 

Mid-morning and afternoon snack (in the case of people who are used to 
doing this): no chocolate, coffee or tea.  

- Dairy products  

- White bread or toast with butter and / or ham or any other sausage (no 

mortadella with olives)  
- - Pastries /cakes (no chocolate, sweets or fruit). 
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Figure S1. Flow-chart of women participants through the present study 

involving to the probiotic administration trial.  
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5.3. NUTRITIONAL AND HEALTH 

BIOMARKERS AFTER FOLLOWING 

DIETARY PATTERNS  

Determination of dietary patterns in the urinary profile of 

a population after 3 years of follow-up intervention 

 

This article was published in the Journal of Proteome Research indexed in 

Journal Citations Reports, with an impact factor of 5.001 (2013) belonging 

to the first quartile of BIOCHEMICAL RESEARCH METHODS 

(9/78). 

Rosa Vázquez-Fresno, Rafael Llorach, Mireia Urpi-Sarda, Ascension 

Lupianez-Barbero, Ramon Estruch, Dolores Corella, Montserrat Fitó, 

Fernando Arós, Miguel Ruiz-Canela, Jordi Salas-Salvadó, Cristina 

Andres-Lacueva. Metabolomic pattern analysis after Mediterranean diet 

intervention in a non-diabetic population: a 1- and 3-year follow-up in 

the PREDIMED study. Journal of Proteome Research 2015, 14 (1), pp 531–

540. doi: 10.1021/pr5007894 
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While there is a separate discussion for the different studies that form the 

results section of this thesis (see compendium of publications in results), 

this chapter aims to provide an overview as a general discussion of all the 

results. 

Development and implementation of NMR methodology for the 

preparation, processing and data analysis of urine samples in 

nutritional studies 

The first part of this PhD thesis includes the development and 

implementation of the method used for sample preparation, processing 

parameters for NMR equipment and data analysis. For this purpose, the 

methodology for sample preparation and equipment parameters was 

implemented from samples of a crossover randomized controlled 

intervention study which involved the effects of the consumption of red 

wine, dealcoholized red wine and gin on male individuals from a particular 

age range (> 55 years) (Paper 1). Being a crossover randomized controlled 

study has a number of advantages, such as being statistically efficient, in 

addition to reducing the possible influence of confounding covariates 

because each patient serves as a control sample himself. Such studies give 

more accurate results (Elbourne et al. 2002), therefore they are 

recommended in nutritional studies (Scalbert et al. 2009). Furthermore, by 

having only male individuals of a certain age range, there is a greater 

control on the interindividual variability, since there is no influence 

associated with gender and age (Kochhar et al. 2006), and thus more 

robust and reproducible methodological results are obtained. A univariate 

analysis is a supervised analysis, so any marker identified by this approach 

has to be independently validated in another study (Scalbert et al. 2014). 

Firstly, a univariate analysis was performed in a wine interventional study 

(Paper 1) (Vázquez-Fresno et al. 2012) to obtain an approximation of a 
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global approach of metabolomic profiling, then a prediction by logistic 

regression and ROC curves analysis was performed in the same 

population, and then a validation in another population with 

epidemiological data was carried out (Paper 2) (Vázquez-Fresno et al. 

2014b). 

Then, the next step was to apply multivariate metabolomic approaches to 

reduce the multidimensional data that are contained intrinsically in NMR 

metabolomic studies. For the application of multivariate techniques that 

discriminate classes or groups, it is preferable to start the application with 

a single study, a simple model with only two classes (Westerhuis et al. 

2008). Therefore, the technique was applied in the intervention study with 

a food supplement, which consisted of two sampling points (before and 

after intervention). 

A noteworthy aspect was the next methodological step, which was to 

adapt the analytical methodology to lower samples volumes for clinical 

and epidemiological studies with large numbers of individuals and sample 

points (>250 samples), such as was the case of the PREDIMED study. 

Furthermore, in complex nutritional studies the combined use of 

multivariate and univariate analysis (PLS-DA and ANOVA) (Fardet et al. 

2008; Ross et al. 2013) may be useful, as was applied in the dietary patterns 

intervention study (Paper 5). 

Using an unsupervised technique to classify individuals into groups, such 

as k-means, where a priori individuals belong to the same group, is a 

procedure applied in certain nutritional metabolomic classification studies 

(Kong et al. 2014; O’Sullivan et al. 2011a). This method was used to study 

metabolic phenotypes of individuals within a population (high 

cardiovascular risk subjects) in a wine polyphenol intervention (Paper 3). 
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Finally, with regard to the methodology followed in the course of this 

thesis, after identification of discriminant biomarkers, a quantitative value 

was given to the effect/change that occurred (Wishart 2008). Therefore, 

thanks to a predoctoral stay at the Metabolomics Innovation Center, led 

by Dr David Wishart, quantification of samples for the metabolic 

phenotypes study was performed (Paper 3). 

Biomarkers in nutritional studies: Analysis of the urinary 

metabolome and evaluation of matrix effect 

In the first study, analysis of urinary metabolome distinguished 

metabolites corresponding to food metabolome (tartrate, ethanol, 

mannitol), as well as endogenous metabolites (3-methyl-2-oxovalerate) 

and those derived from the action of the gut microbiota (hippurate and 4-

hydroxyphenylacetate). With regard to the food matrix, no differences 

were found for the biomarker of wine intake (tartrate) when comparing 

two wines (with and without alcohol content), and the same occurred with 

ethanol in the case of wine with alcohol and gin. However, a possible 

interaction between alcohol and biomarkers derived from gut microbiota 

was observed, exhibiting a possible alcoholic fraction effect in the two 

types of wine (with equal polyphenol content). 

The effect of the food matrix has been analyzed in several nutritional 

intervention studies, such as in cocoa (Urpi-Sarda et al. 2009), tomato and 

tomato sauce (Tulipani et al. 2012), and in wine (on clinical parameters) 

(Chiva-Blanch et al. 2012). In another study with the same clinical design 

as shown in Paper 1 performed by our group, no differences were 

observed in the content of resveratrol and resveratrol metabolites for 

either type of wine (Rotches-Ribalta et al. 2012). Similarly, in the study 

which resulted in Paper 1, no differences in the content of tartrate 
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between wine with alcohol and dealcoholized wine were observed; 

however, in another study focused on the intestinal microbiota with the 

same study design, significant differences regarding the composition of 

the bacterial population of individuals after each intervention were found, 

thus this may also indicate that the metabolic profile could be modified 

from metabolites produced by these bacteria (Queipo-Ortuño et al. 2012)  

The effect of alcohol on the excretion of metabolites of the intestinal 

microbiota has been examined in other studies (Gika et al. 2013), where 

the administration of alcohol caused changes in the excretion of 

metabolites such as 4-hydroxyphenylacetate, suggesting a specific effect 

depending on the bacterial population. A study in rats compared the 

effects after the administration of alcohol, noting several metabolites that 

showed a differential pattern of excretion after alcohol intake, including 

some derived from the gut microbiota (Gao et al. 2011). With regard to 

the possible effect the alcoholic fraction microbial metabolism could have, 

further studies would be needed to confirm this hypothesis. 

Determination of the predictive power of nutritional biomarkers in 

interventional and observational studies 

Traditionally, individual biomarkers have been used to characterize the 

dietary exposure, such as vitamin C for the consumption of fruits and 

vegetables, although their content varies depending on the species, variety, 

etc. The combination of different biomarkers can provide more accurate 

measurements of dietary exposure (Scalbert et al. 2014). 

In this thesis, in the study of biomarkers of wine consumption (Paper 2) 

(Vázquez-Fresno et al. 2014b), biomarkers of exposure to wine intake 

were first individually evaluated, finally concluding that the combination 

of two of them provided more predictive power than each one separately. 
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In this paper, the use of a model with a combination of biomarkers for 

predicting increased food intake in individuals who have consumed this 

food from the initial state (no food intake) is proposed. In the same study, 

validation was also performed in another population with epidemiological 

data, showing a reproducibility of the results, obtaining in both 

populations very high sensitivity and specificity of the biomarkers studied. 

Metabolic phenotype study population after consumption of a food 

One same population might be divided into different groups according to 

their metabolic phenotype (or metabotype). The strategy followed in this 

study used different tools for the classification and discrimination of the 

individuals, as has also been applied in other nutritional studies 

(O’Sullivan et al. 2011b). 

After segregation into different groups or “clusters” of individuals, a 

differential behavior in the groups after nutritional intervention was 

observed concerning the excretion of 4-hydroxyphenylacetate, a 

metabolite previously observed after consumption of wine. With regard to 

the healthier cluster (according to their clinical data) when compared with 

baseline and with a diabetic and obese cluster, an increase of excretion 

was observed after red wine intake, as shown in the results of the whole 

population (Vázquez-Fresno et al. 2012). Moreover, the cluster that was 

classified as the diabetic and obese cluster, according to the biochemical 

and anthropometric data, did not increase excretion of this metabolite 

compared to baseline. This fact suggests that among diabetics and obese 

subjects there appears to be a possible alteration in the metabolism from 

the gut microbiota in the 4-hydroxyphenylacetate metabolic pathway, a 

compound derivative of the degradation of polyphenols (Moco et al. 2012) 

and excreted after consumption of wine and wine polyphenols and grape 
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(van Dorsten et al. 2010; Vázquez-Fresno et al. 2012). It has been 

described that there is a shift in microbial populations in genera such as 

Bifidobacterium, F. prausnitzii, and some species of Lactobacillus and 

Clostridium in both obese (Tagliabue et al. 2013) and diabetic (Everard et al. 

2013) individuals (bacterial populations involved in the metabolism of 4-

hydroxyphenylacetate) (Nicholson et al. 2012), therefore this fact sustained 

these results.  

 

Dietary patterns in a long-term intervention  

Metabolomic biomarkers reflect normal dietary patterns (Steffen et al. 

2014). This has been manifested in the study of metabolomic biomarkers 

in dietary patterns after nutritional intervention with two variants of 

Mediterranean diet versus a low-fat diet during 3 years of follow-up 

(Vázquez-Fresno et al. 2014c). Besides markers that may reflect the 

consumption of certain foods – such as glutamine and its derivatives in 

the case of nut consumption, and oleic acid and suberic acid in the case of 

olive oil and nuts with regard to a Mediterranean diet supplemented with 

these two types of food; also, certain metabolites have been associated 

with dietary patterns, with the Mediterranean diet being associated with 

increased consumption of vegetables, while on the other hand, a low-fat 

diet is associated with increased consumption of red meat. These 

associations have been made through the responses to food frequency 

questionnaires (FFQ) given to the population during the nutritional 

intervention period and compared with other dietary pattern studies in 

vegetarian dietary pattern populations (O’Sullivan et al. 2011a; Stella et al. 

2006; Xu et al. 2010) and interventional and observational studies of meat 

consumption (Bertram et al. 2007; Dragsted 2010; Stella et al. 2006). 
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Moreover, after Mediterranean diet interventions, a large number of 

endogenous metabolites – predominantly those related to energy 

metabolism (TCA cycle, β-oxidation) – have been described, which is 

consistent with the higher content of lipids from these two interventions 

than that of the other compared diet (low-fat diet). In addition, fatty acids 

such as linoleic, α-linolenic acid (common in walnuts), arachidonic, 

docosahexaenoic, eicosapentaenoic, oleic and elaidic have been described 

as promotors of the oxidation of fatty acids (β-oxidation) by stimulating 

routes of transport, esterification and oxidation of fatty acids, because 

they are ligands of the peroxisome proliferator-activated receptor (PPAR) 

(Luo et al. 2010) and thus improve its utilization. These results are 

consistent with other studies conducted in an intervention study with nut 

consumption, where metabolites derived from fatty acids oxidation, such 

as dodecanedioic acid, were also determined (Tulipani et al. 2011). 

Food supplements: A probiotic intake and its impact on health 

As a result of the administration of a probiotic food supplement in 

lactating women with mastitis, an improvement in the women’s status 

(through medical monitoring) was observed, which instigated a voluntary 

desertion of anti-inflammatory and analgesics drugs, a fact reflected in the 

urine metabolome after intervention. Moreover, an increase in the 

excretion of creatine and metabolites derived from the action of the gut 

microbiota (hippurate and trimethylamine-N-oxide) after the intervention 

period was also observed. This can be explained by a microbial action 

produced by probiotics on gut microbiota, i.e. the fact that the ingestion 

of probiotic strains may modify the activity of their own intestinal 

microbiota (Delzenne et al. 2011). On the other hand, before probiotic 

intervention, lactose in urine was detected. While lactose is characteristic 

of lactating women, in the higher inflammation status of mastitis, an 
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increased excretion is described (Fetherston et al. 2006). The use of 

probiotics as food supplements has been administered in a variety of 

painful conditions, such as in inflammatory, infectious, allergic, and 

gastrointestinal disorders (e.g. diarrhea, irritable bowel syndrome) (Quigley 

2010). 

Biomarkers of effect on nutritional studies 

With regard to biomarkers of intake, these include tartrate and ethyl 

glucuronide as biomarkers of wine consumption with good reproducibility 

in different populations, and other potential markers, such as derivatives 

of glutamine (N-acetylglutamine and phenylacetylglutamine) after nut 

intake, and oleic acid and its derivatives after olive oil intake  – the last 

two will need to be confirmed in future studies. Regarding the 

endogenous effect biomarkers modulated by dietary intervention: in the 

case of wine studies (Vázquez-Fresno et al 2012; Vázquez-Fresno et al 

2014b), 3-methyl-2-oxovalerate was described as an endogenous marker 

with increased excretion after consumption of wine. Similarly, in the study 

of probiotics (Vázquez-Fresno et al. 2014a), both endogenous markers 

(creatine) and derived from the action of the intestinal microbiota 

(trimethylamine-N-oxide, hippurate) were found. In the case of the 

intervention study with Mediterranean diet (Vázquez-Fresno et al. 2014c), 

more endogenous metabolites have been described, mainly related to 

energy metabolism (carbohydrates, lipids and proteins), together with 

some food intake and microbiota-derived metabolites. An increased 

number of endogenous markers were identified in this study, which might 

be due to the duration of the dietary intervention; the fact that it was a 

long-term intervention (assessed in the first and third year) could mean 

that the period was long enough to observe overall long-lasting changes in 

metabolic pathways. 
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It is worth noting the effect demonstrated in several studies presented 

here regarding intestinal microbiota, a fraction of the human metabolome 

still unexplored. Almost all works presented in this thesis show 

metabolites derived from the action of the intestinal microbiota (Paper 1, 

3, 4 and 5), exhibiting an important role from this fraction of 

metabolome. About 100 compounds are identified, which are specific 

microbial metabolites, with others being due to the microbiota 

biotransformation of both exogenous and endogenous compounds. 

Therefore, the importance of gut microbiota in the contribution of human 

metabolome is an emerging focus of research (Nicholson et al. 2012). 

On the other hand, with regard to the xenometabolome (the fraction of 

human metabolome from drugs and other xenobiotics) in the probiotic 

intake study (Vazquez-Fresno et al. 2014a), signals coming from 

xenometabolome were analyzed and, in fact, appeared as a discriminant in 

the initial state of the intervention (before consumption of the probiotic). 

The fact that the women started from a disease or pathology (mastitis) 

made it interesting to monitor all the variables related to health. In 

contrast, in the Mediterranean dietary patterns study, those signals such as 

acetaminophen (paracetamol) and its derivatives were not considered 

relevant because they interfered in the data analysis, which was aimed at 

observing the effect of diet; therefore, once they were observed in the 

urine of volunteers it was decided to exclude these signals from the data. 
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Future prospects 

Untargeted metabolomic studies are essential in the search for biomarkers 

of exposure and the effect of nutritional interventions (Scalbert et al. 

2014). In this context, because there are still very few studies with which 

to compare the results, a larger number of studies covering different 

designs, populations and strategies of analysis is needed to expand the 

panel of biomarkers as well as to compare and confirm the biomarkers 

already found. Biomarkers need to provide objective measures of 

nutritional status; therefore, future research should also be addressed to 

refining existing biomarkers, establishing new indicators of specific food 

intake and the development of techniques that can be more precise 

measures of nutritional status (Hedrick et al. 2012). 

Although it remains a challenge to achieve absolute quantification data 

through untargeted analysis rather than relative quantification, further 

effort is required in this regard. Quantitative measures can improve the 

applicability and interpretation of results. 

Therefore, it is also important to explore the metabolic phenotypes within 

a population and the different responses that can be obtained after a 

nutritional intervention, in order to achieve a more complete 

understanding of the impact of nutrition on our health, and thus provide a 

potential tool in the steps towards personalized nutrition. 
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CONCLUSIONS 

 

From the work presented in this thesis, the conclusions are as follows:  

 

1. A fast, high throughput, highly reproducible, widely applicable 

methodology to determine the urinary metabolic profile and identify 

biomarkers of intake and endogenous metabolites derived from 

dietary interventions (including a food, a food supplement or dietary 

pattern) has been applied. 

 

2. The application of this methodology has allowed the classification 

of individuals according to their metabolic patterns using different 

strategies (discriminant multivariate and univariate analysis, and 

predictive models by ROC curves analysis). The reproducibility and 

robustness of this approach in characterizing changes in the urinary 

metabolome associated with a dietary intervention of short- and 

long-term interventions has been highlighted. 

 

3. The combination of biomarkers of nutritional exposure offers a 

high sensitivity and specificity, leading to greater predictive power in 

the study of individual biomarkers. Epidemiological data was used 

to validate the method and confirmed the initial results, establishing 

this method as an effective tool for biomarker discovery. Precisely, 

the combination of two markers of wine consumption (tartrate-

ethyl glucuronide) as the best predictive power markers of 

consumption. 
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4. Markers reflecting the exposome/food metabolome have been 

observed, such as metabolites derived from the gut microbiota 

(TMAO, PAGN p-cresol, hippurate, 4-hydroxyphenylacetate), and 

from the xenometabolome coming from drug intake (paracetamol 

and ibuprofen), as well as metabolites associated with consumption 

of fruits and vegetables (3-HB, leucine, isobutyric, 2- oxoisovaleric, 

glycine, N-Ac, proline, p-cresol, PAGN), orange (proline betaine) 

and red meat intake (3-MH, histidine, carnosine).  

 

5. Differences in metabolic phenotype/metabotypes within a 

population (considering clinical/biochemical parameters at baseline 

of individuals before an intervention) reveal a differential effect in 

the diet-phenotype urinary metabolome after dietary intervention. 

 

6. After a long-term intervention (≥1 year), the separation of 

individuals according to their metabolomic fingerprint by following 

particular dietary patterns was shown. This has allowed us to 

identify metabolites from various metabolic pathways, including 

energy metabolism and related pathways (tricarboxylic acids cycle, 

fatty acid oxidation, gluconeogenesis, ketone bodies metabolism), 

amino acid metabolism (and their derivatives), nucleotide 

metabolism, and metabolites from gut microbiota. These results 

may allow targeted analysis of interconnected metabolic pathways, 

which can be subsequently integrated into metabolic networks. In 

the future, this work will allow a better understanding and 

interpretation of the overall health status of individuals.  
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ABSTRACT 
 

Resveratrol consumption has been positively associated with the 

prevention of a number of diseases, mainly due to its reported antioxidant 

activity and anti-inflammatory and antitumor effects, and has, therefore, the 
potential to be evaluated for therapeutic use. However, scarce studies have 

been carried out in humans and the results yielded are still controversial. 

Before making nutritional recommendations regarding this promising 

molecule, other aspects such as dietary intake and bioavailability should be 
considered.  

Resveratrol and other stilbenes, such as piceid, have been identified in a 

large number of plants, although they have been found in a few dietary 
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components, with red wine and grape products as the major sources. 

Therefore, urinary resveratrol metabolites have been described as nutritional 

biomarkers of wine consumption, providing an additional tool for clinical and 
epidemiological studies, since they reflect a more objective assessment of 

nutrient intake than self-reported dietary data. Its estimated intake or exposure 

is essential in order to relate resveratrol consumption with its possible health 
effects in vivo. However, resveratrol is rapidly metabolized, and therefore the 

bioactivity of this compound will be related to its metabolites. Identification 

and measurement of metabolic forms are key prerequisites for understanding 

the role of these compounds, since they will be the ones that reach the 
peripheral circulation and tissues where they could exert their biological 

effect. Phase II metabolism of resveratrol has been widely studied, with the 

glucuronide and sulfate forms being the main resveratrol conjugates. 
However, few studies have focused on the microbial metabolism of 

resveratrol, which leads to dihydroresveratrol formation, although this could 

give a better idea about effects of long-term resveratrol consumption. 

Furthermore, the matrix in which resveratrol is delivered could play an 
important role in its bioavailability.  

This chapter, therefore, provides an overview of the metabolism of 

resveratrol after short- and long-term consumption and the microbiota and 
food matrix effects on its bioavailability. This needs to be considered in order 

to gain a better understanding of the links between resveratrol intake and 

health.  
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