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Preface

Many studies carried out on animals and humans using nutritional interventions and/or

epidemiological observations have shown that many diseases are linked to poor nutri-

tion. In the past two decades, we have witnessed nutrition research moving from dis-

ease treatment to promotion of health and disease prevention.With this, there has been

an increased emphasis placed on nutritional recommendations. However, considering

the interindividual variability in response to food components, optimum levels of

physiological functions of individuals have to be determined to optimize recommen-

dations, the purpose being to reach personalized nutrition. The recent development of

high-throughput technologies (transcriptomics, proteomics, and metabolomics) that

enable the generation of large-scale molecular-level measurements has increased

attention of scientists in medical, biological, and nutritional sciences as these tools

offer the possibility of characterizing global alterations associated with disease con-

ditions or nutritional exposure and subtle changes in metabolism due to a stimuli.

Among the “omics” technologies, the metabolomics field has been mainly devel-

oped in pharmaceutical and plant sciences. However, its application to nutrition is still

relatively new although this topic constitutes a growing domain of interest with poten-

tial large impacts in nutrition research. The main objectives of this book are on one

hand to show the recent progress made in the utilization of metabolomics as a tool in

nutrition research and its major applications and on another hand to discuss the major

challenges that scientists still have to face and solve in order to allow metabolomics to

reach its real potential and to move nutrition from a rather reductionist approach to a

global one.

To achieve the aims of the book, we have divided this book in two major parts. The

first one deals with principles and methodology issues of metabolomics. The focus of

this section is on major challenges for using metabolomics in nutrition research, start-

ing from the experimental design to data integration using bioinformatics tools.

Details on the principle of the analytic techniques are well covered in other books,

so instead, we chose to focus on challenges with respect to nutrition research.

Part 2 of the book has been divided into nine chapters dealing with application of

metabolomics in nutrition research. Chapter 4 summarizes the applications of lipido-

mic platforms for identifying biomarkers of diseases and metabolic processes associ-

ated with diet and for controlling food quality and detecting fraud in food products.

Chapter 5 presents how human metabolism can be modelled using metabolic network

and how this model can be used to analyse metabolomics data, to interpret the met-

abolic relationships connecting a set of biomarkers for assessing the metabolic impact

of different diets. The role of gut microbiota in nutrition and disease using a metage-

nomic approach is discussed in Chapter 6, while Chapter 7 focuses on the role of meta-

bolomics and in particular metabotyping in moving towards personalized nutrition.



Chapter 8 describes the application of metabolomics in biomarker discovery for early

disease detection and biomarkers for the prediction of the evolution of the health status

towards metabolic pathologies. In Chapter 9, the potential of metabolomics for the

identification of new biomarkers of intake is discussed. It also describes the challenges

that lie ahead, including the validation of identified biomarkers and the development

of sharing tools for data and resources. Chapter 10 describes how analysing dynamic

metabolomics data (obtained during challenge tests) has been successful in identifying

metabolic phenotypes in the predisease state and identifying subtle metabolic changes

following dietary interventions. Chapter 11 (“Foodomics”) highlights how metabolo-

mics offers the possibility to analyse the effects of cultivation, processing, and diges-

tion on the nutritional value of food. The last chapter (Chapter 12) not only

summarizes the perspectives outlined in the different chapters but also discusses a

long-term view of the future direction.

We hope that you will enjoy this book and that it encourages you to employ meta-

bolomics techniques in your research. We look forward to seeing this field grow and

follow the developments in nutrition research as a result of the use of metabolomics as

a tool.

xxvi Preface
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1Challenges in nutritional

metabolomics: from experimental

design to interpretationof data sets

M. Ferrara, J.-L. Sébédio
Institut National de la Recherche Agronomique (INRA), Clermont-Ferrand, France

1.1 Introduction

Many studies have shown that diseases are often linked to poor nutrition (Aburto et al.,

2013;Micha et al., 2013; Simopoulos, 2013;Wang et al., 2013). Nutrition research has

identified the functions of essential nutrients, and researchers have established nutri-

tion recommendations that allow the public to meet the needs of their bodies by opti-

mising metabolic pathways. As an example, nutrition research led to the discovery of

linoleic (18:2n�6) and linolenic acids (18:3n�3), which are fatty acids involved in

essential functions that must be provided by food components because they cannot

be synthesised by the body (Holman, 1996). However, considering interindividual

variability in response to food components, an individual’s optimum physiological

function must first be determined in order to optimise recommendations and achieve

personalised nutrition (Zivkovic and German, 2009). Food science and nutrition not

only focus on the relationship between diseases and macro- and micronutrient con-

sumption, but these disciplines also attempt to identify bioactive molecules that

may be present in the diet in low quantities for the purpose of understanding the pro-

tective effects that these molecules may have and their mechanisms of action. These

non-essential bioactive compounds interact with a number of metabolic pathways and

may modulate health status, either directly or indirectly, after being metabolised by

the gut microbiota. Dietary polyphenols are a typical example of the importance that

gut microbiota may play (Moco et al., 2012).

Consequently, identifying specific early-responding molecules in biofluids, such

as blood and urine, is crucial for diagnosis and intervention, or process reversal

(Reezi et al., 2008), because these substances may be connected to underlying met-

abolic dysfunctions. For this purpose, researchers must obtain accurate data on dietary

intake in natural populations, which is a great challenge for epidemiological studies

(Ismail et al., 2013). The recent development of high-throughput technologies (tran-

scriptomics, proteomics, and metabolomics), which permit large-scale molecular

measurements, has drawn the attention of scientists in the medical, biological, and

nutritional fields because these tools offer the possibility of characterising global

alterations associated with disease conditions, exposing overall nutritional activities

and moving nutrition from a rather reductionist approach to a global one. The

Metabolomics as a Tool in Nutrition Research. http://dx.doi.org/10.1016/B978-1-78242-084-2.00001-0
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production and utilisation of metabolites is more directly connected to the phenotype

exhibited by an organism than the presence of mRNAs or proteins (Figure 1.1).

Among the “omic” technologies, the metabolomics has mainly grown out of the

pharmaceutical and plant sciences. Yet, despite its relatively recent application to

nutrition, this topic constitutes a growing domain of interest, considering the shift

observed in dietary habits (German et al., 2002; Gibney et al., 2005). The rapidly

expanding field of metabolomics has been driven by major advances in analytical

tools, such as Nuclear Magnetic Resonance (NMR) (Eisenreich and Bacher, 2007)

and mass spectrometry, and the corresponding hyphenated methods, such as high-

performance liquid chromatography coupled with mass spectrometry (LC-MS) and

gas–liquid chromatography coupled with mass spectrometry (GC-MS) (Dettmer

et al., 2007; Pan and Raftery, 2007; Wilson et al., 2005). Advances in chemometric

and bioinformatic technologies (Idle and Gonzalez, 2007; Moco et al., 2007; Wishart,

2007) also play an important role. Metabolomics (Fienh et al., 2000; Nicholson et al.,

1999) can be described as a global analysis of small molecules of a biofluid (blood,

urine, culture broth, cell extract, etc.), which are produced or modified as the result of

a stimulus (nutritional intervention, environmental stressors, drug, etc.). At the

moment the study of lipid molecules (lipidomics) is a major area in the metabolomics

field (Morris and Watkins, 2005; see Chapter 3 for detailed discussion). Some chap-

ters of this book will also discuss the use of metabolomics for discovering biomarkers

in nutritional interventions (Brennan, 2013; Lodge, 2010), for predicting the risk of a

health state involving into a disease state, and for monitoring food/nutrient biomarker

consumption (Hedrick et al., 2012; Pujos-Guillot et al., 2013).

A typical metabolomic experiment (Figure 1.2) includes six elements: (1) design of

the experiment and preparation of the sample; (2) analysis of biofluids or tissues via

LC-MS, NMR, GC-MS, or a multiplatform approach to maximise metabolite

Data sets and comprehensive response to biological systems

From genes to metabolites

What can happen

DNA

Genomics

RNA

Transcriptomics

Proteins

Proteomics

Metabolites

Metabolomics

What appears to be happening

What makes it happen

What has happened and is happening

Genotype

Phenotype

Figure 1.1 Metabolomics: bridging the genotype–phenotype gap. The “omic” technologies

are used to obtain a more holistic view of how biological systems work and underpin the

fields of functional genomics and systems biology. Genes encode mRNAs that encode

proteins that, with environmental factors (e.g., diet), lead to the metabolite.

4 Metabolomics as a Tool in Nutrition Research



coverage; (3) extraction and treatment of the data set; (4) statistical analyses; (5) iden-

tification of key or discriminatory metabolites; and (6) biological interpretation of the

data. Data acquisition and retrieval may be achieved by a targeted analysis during

which specific pathways are analysed or an untargeted analysis where no prior selec-

tion of pathways is performed, which is a hypothesis-driven approach. Both have

advantages and disadvantages, and the approach taken ultimately depends on the

study in question. In this introductory chapter, we outline the major challenges

involved with such an approach. Subsequent chapters provide detailed discussions

of the crucial points.

1.2 The experimental design

So far, metabolomic studies have mainly used animal nutritional interventions and

human clinical trials. More recently, cohorts with 7–12 year follow-up have largely

been utilised for discovering predictive biomarkers for the evolution of a health state

towards a disease state. These studies are described in Chapter 6. As previously

reported, metabolomics was first developed and applied to toxicology and pharmacol-

ogy, which usually induce major changes in the blood or urine metabolome after the

administration of a drug (Nicholson et al., 2002; Pujos-Guillot et al., 2012). This is not

the case when applying metabolomics to nutrition research because dietary interven-

tions most often generate subtle changes in metabolic profiles, which may sometimes

be difficult to detect (Solanky et al., 2003). Considering interindividual response to
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Figure 1.2 Workflow of a metabolomic analysis.
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diet (Walsh et al., 2006), the effects of many factors, such as age, sex, and various

genetic and environmental stimuli on the metabolic profiles of the biofluids

(Johnson and Gonzalez, 2011), researchers must take great care when designing

the experimental protocol of a metabolomics approach, especially when using

humans, as subtle variations between subjects may induce large variations in metab-

olite concentrations in the plasma and/or urine. Therefore, the protocol should be

designed to reduce confounders as much as possible, allowing retrieval of optimised

information from the analytical data (Smilowitz et al., 2013).

For metabolomic studies of predictive biomarkers, the use of cohorts and epidemi-

ological approaches benefit fromvery comprehensive data sets that have been acquired

during the follow-up years. These data include clinical measurements (blood and urine

biochemistry, anthropometric and body-composition measurements), number of

events (cardiovascular diseases, type 2 diabetes, etc.), food frequency questionnaires,

socioeconomic data, and blood and urine samples for further metabolomic analyses.

One of the major challenges of this type of study is to correctly evaluate the dietary

intake of the individuals. At the moment, 24-h recalls, weighed food diaries, and food

frequency questionnaires are being used, but the issues surrounding their use are well

documented (Fave et al., 2009). Consequently, researchers are trying to use metabolo-

mics to identify the food metabolome (Llorach et al., 2012; Pujos-Guillot et al., 2013),

in order to evaluate dietary exposure based on markers of specific food intake (Fave

et al., 2009). Chapter 9 discusses this important topic.

1.3 The analytical platform

Human biofluids are a complex mixture of thousands of metabolites that include endog-

enous and exogenous molecules, as reported for serum (Psychogios et al., 2011) and

urine (Bouatra et al., 2013). A combination of literature mining and a multiplatform

approach allowed David Wishart and colleagues to report 445 urine metabolites, while

quantifying 378 species (Bouatra et al., 2013). For serum and urine, an examination of

the published literature using a similar approach identified reports of 4229 and 2600

confirmed compounds. Importantly, both biofluids are complex mixtures of molecule

classes that have a wide range of polarity and of concentrations. Furthermore, blood

samples also contain proteins that may interfere with the analytical technique and thus

need to be removed before analysis in most cases. Removal must be done in such a way

that metabolites of interest are not lost during this pre-fractionation step.

Considering the complexity of the human metabolome, choosing the analytical

method is often a critical step. NMR does not require extensive sample preparation

time, has high reproducibility, and little inter-laboratory variability, but it is limited

by its sensitivity, compared to mass spectrometry, which needs extensive sample treat-

ments or pre-fractionation steps (Scalbert et al., 2009; Yang et al., 2013). On the other

hand, NMR is a good method when large-sample sets have to be analysed, as is gen-

erally the case for clinical trials, and thus, NMR could be a tool “at the patients’ bed”

(Johnson and Gonzalez, 2011) even if the number of detected metabolites is smaller

compared to those detected byMS. NMRwas widely used when metabolomics started

6 Metabolomics as a Tool in Nutrition Research



to be applied to nutrition research, but now many studies use LC-MS (see Chapter 2

for a detailed discussion).

Analysing one special chemical class of molecules, such as lipids, by UPLC-MS or

other appropriate analytical tools (targeted analysis) is probably the easiest task to

accomplish, and metabolites may then be quantified if appropriate standards are avail-

able or if those can be synthesised. The most difficult task is to carry out an untargeted

approach when no hypothesis is available. Due to the complexity of the biofluid com-

position, one technique is likely not able to cover the wide range of polarity and struc-

tural features of the metabolites. A typical example is illustrated in Figure 1.3, which

deals with the analysis of the human cerebrospinal fluid metabolome (Wishart et al.,

2008), in which the three above-mentioned analytical techniques were used in order to

obtain a comprehensive metabolite data set.

1.4 Extraction of data sets and statistical analyses

Metabolomics in nutrition is primarily interested in the responses of biological sys-

tems that result in metabolite-level regulation related to diet changes. It is therefore

important to separate pertinent biological variations from noisy sources of variability

NMR
(53 compounds

21 unique)

LC+NMR
(4 compounds)

LC-FTMS
(17 compounds

4 unique)

LC+GC
(1 compounds)

GC-MS
(41 compounds

12 unique)

NMR+GC
(28 compounds)

308
compoundsLC+NMR+GC

(8 compounds)

Figure 1.3 Venn diagram showing the overlap of cerebrospinal fluid (CSF)

metabolites detected by NMR, GC-MS, and LC-FTMS methods, as compared to the

detectable CSF metabolome. GC-MS, gas chromatography-mass spectrometry; LC-FTMS,

liquid chromatography-Fourier transform mass spectrometry.

Reproduced by permission from Wishart et al. (2008).
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introduced into studies of metabolites. The determining quality of data processing is

thus an essential step in properly analysing and interpreting metabolomic data. The

data treatment is generally divided into two steps: data processing and data analysis.

The data-processing step consists to transform the raw data into format that is easy to

use in the subsequent data analysis steps. The data analysis stage includes tasks for the

analysis and interpretation of processed data. This stage typically includes multivar-

iate analyses, such as the clustering of metabolic profiles or the discovery of important

differences between groups of samples.

In order to improvemetabolomic data processing, software packages are constantly

being developed. New tools are still being released, and some existing tools are being

further developed (Lommen, 2009). Many solutions are commercial and freely avail-

able tools (Katajamaa and Oresic, 2007), but the existing software tools are often dif-

ficult to combine with one another or not flexible enough to allow for the rapid

prototyping of a new analysis workflow. As a result, many novel algorithms fitting

with automatic processing have been recently developed (Kenar et al., 2014; Kuhl

et al., 2012)

Regardless of the analytical technique(s) selected, metabolic analyses create a

great amount of data, and analysis of these data by multivariate statistics represents

an important and time-consuming part of the metabolomics workflow. Current

methods of statistical analysis include principal component analysis (PCA), which

is an unsupervised technique; partial least square discriminant analysis (PLS-DA);

and orthogonal PLS-DA (O-PLSDA), with the two latter being supervised techniques.

PCA allows identification and grouping of samples due to similarity in metabolic pro-

file, and supervised techniques require a priori knowledge of sample classification,

thus permitting identification of the metabolites that are discriminating the groups.

Supervised techniques also allow the construction of models that have to be further

validated using, for example, a cross-validation procedure in which samples are left

out and their classification is predicted. These different methods are often used in

combination. Nevertheless, researchers need more effective and robust bioinformatics

tools for metabolomic data analysis, especially when dealing with clinical samples

with large individual variability. More recently, a machine learning method, random

forest (RF), which has been reported to be an excellent classifier, was used in clinical

metabolomics for phenotypic discrimination and biomarker selection (Chen

et al., 2013).

1.5 Metabolite identification

Metabolite identification remains one of the biggest challenges in metabolomics,

despite major published advances in this area during the past decade. When metabo-

lomics started to be applied in nutrition research, many papers in the literature did not

contain much structural information about the discriminant metabolites, although data

obtained by NMR, which existed spectral databases, were of great help (Nicholson

and Wilson, 1989). Nowadays, mass spectrometry-based approaches are increasingly

used in nutrition research. Even if databases have been constructed (Johnson and

8 Metabolomics as a Tool in Nutrition Research



Gonzalez, 2011), such as the Human Metabolome database (Wishart et al., 2013),

identifying metabolites still represents the limiting step of a metabolomics workflow

Lipid extracts from biofluids or tissues have been revealed as mixtures of lipid spe-

cies of varying complexity, and, at the moment, the lipidomics field (Smilowitz et al.,

2013) is the more advancedmetabolomics area for metabolite identification, because a

generation of researchers has focused on techniques for fractionating and identifying

lipid species (Christie and Han, 2010). Furthermore, the international lipid classifica-

tion and nomenclature committee, along with the Lipid Maps consortium (see

Section 1.7 for further details), developed a classification system for lipids that is com-

patible with existing databases and that has been accepted by the lipid community

around the world (Fahy et al., 2009). As a result, researchers have begun to use a uni-

form language available online at the LIPID MAPS website (http://www.lipidmaps.

org). Data exchange, communication, and sharing experimental protocols and data

interpretations are thus assets for this community.

In comparison, when dealing with unknown complex mixtures of different families

of molecules, identifying metabolites using untargeted metabolic approaches repre-

sents an important challenge, especially when using a combination of liquid chroma-

tography and mass spectrometry. Even if no full agreement on how to solve this

problem has been published, guidelines and pipelines have been reported for identi-

fying metabolites. For example, in Figure 1.4, we have reported the metabolite iden-

tification procedure recently published by (Peironcely et al., 2013) using LC-MSn data

exploration. Usually, the identification of metabolites involves the determination of

the exact mass, database searches, and MSn fragmentation studies. There are different

levels of confidence for the identifications. The highest level of confidence is achieved

MEF EC + FT

Find similar FT

FT DB

Similar
trees

EC +
MCSS

Structure generation
Candidate rejection

hits > 1

N

Candidate
structures

Identity
assignment

Y

MSn tree

Y N
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Figure 1.4 Metabolite identification pipeline. Abbreviations: MEF, multistage elemental

formula; EC, elemental composition; FT, fragmentation tree; MCSS, maximum

common substructure; Sim, similarity.

Reproduced by permission from Peironcely et al. (2013).
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when the identity of the molecule is validated using an authentic standard and a sub-

sequentMS analysis. The second highest level involves a putative identification, when

a structure is proposed based on MS/MS, MSn spectral similarities, or fragmentation

trees, or it is based on a compound spectrum present in a database. At this level, the

putative identification is not validated using a standard molecule, however. Lastly, for

the identification with the lowest level of confidence, only the exact molecular mass

may be available, and only the raw chemical formula can be obtained. Collaborations

between biologists and chemists specialising in metabolite synthesis are sometimes

the only way to answer the question, but this technique should only be used in large

collaborative projects dealing with major societal outcomes, considering the cost of

chemical synthesis. Detailed descriptions of the existing identification techniques

and automated pipelines, using LC-MS, are debated in Chapter 2.

1.6 Biological interpretations

After the identification of metabolites, the results of the analysis are, at best, one list of

metabolites with relative contents differing between the studied conditions. The task is

then to define the relevance and biological significance of these observations, even

when the changes in the relative content of metabolites are low, as is generally the

case in nutrition research.

Interpretation of these data essentially relies on computational approaches used in

large-scale data analysis and data visualisation, which are most often built upon inter-

dependencies between metabolites. The correlations found do not necessarily relate to

metabolites that are neighbours on the metabolic level, but they may involve more

distant pathways (Steuer et al., 2003). Indeed, most biological processes are regulated

by mechanisms that overlap, and ideally metabolomics data should describe the phys-

iological processes in different situations and identify which pathways are altered in

specific diseases.

In order to interpret metabolomics data, the first step is commonly the construction

of a network structure (see Chapter 4), which helps to highlight the most relevant bio-

logical molecules. The published work of Zhang et al. (2013) illustrates network

method analysis, showing the key aspects of mapping altered metabolites onto KEGG

pathways.

However, some theoretical considerations limit the direct interpretation of meta-

bolic networks generated from metabolic snapshots. First, any subcellular compart-

mentalisation is lost in the process of sample preparation, and most biofluids used

in human studies are either transit compartment (blood, plasma) or collection and

elimination metabolic pools (urine, faecal water). Second, most current metabolite

profiling approaches rely on the measurement of steady-state levels, therefore, they

do not necessarily reflect the flux of metabolites through a network pathway.

Different tissue-specific metabolic networks can be built to overcome these limi-

tations and exclude some non-physiological metabolites associations (see Chapter 4

for detailed information). An outline of dynamic network description reveals

10 Metabolomics as a Tool in Nutrition Research



interactions between primary and secondary metabolism by the direct link of statis-

tical analysis (Granger causality) and mathematical processes such as those developed

by Doerfler et al. (2013). Such approaches provide clues to pathway regulation, but the

flux is important for bringing to light alterations in metabolism. Flux profiling is pos-

sible in artificial biological systems such as cell cultures, microorganism cultures, or

tissue samples. But in humans and other animals, metabolomics approaches the ques-

tion of whether steady-state measurements can be exploited to reveal flux alterations.

Early work by Arkin and Ross (Arkin et al., 1997) demonstrated the need to introduce

stochastic models for the interpretation of metabolic networks. In fact, the develop-

ment of various model systems that interpret the metabolite correlations observed

in metabolomics datasets allows the investigation of the whole metabolite network

dynamics base on correlation network topologies (Weckwerth, 2003).

The combination of multiple data sources provides the metabolomics data integra-

tion in a global evaluation of biological systems. The modules of the omics field, tran-

scriptome, proteome, and metabolome, are not disjoint. The combination of these

forms of information can provide a more comprehensive understanding of biological

entities. In the human nutrition field, various studies have jointly analysed different

metabolomics or proteomics data in order to improve the overall understanding of

the system (Oberbach et al., 2011; Pellis et al., 2012).

Thus, metabolomics can be considered as the most functional part among the omics

technologies, and it has been promoted as a potent tool for assessing biochemical pro-

cess related to complex phenotypes.

1.7 Conclusion: do we need standardisation procedures
and repositories?

The application of metabolomics in the field of nutrition research has been growing

rapidly during the past 10 years. Yet, some challenges discussed in this book must still

be solved if we want this approach to reach its real potential. Considering the recent

technical progress in analytical techniques, bioinformatics, and statistical tools, as

well as advances in potential applications for this approach, more researchers are

going to use this tool. Consequently, the need to compare and share datasets will

increase, emphasising the need to minimise inter-laboratory variability. Furthermore,

scientists working with the “omics approaches” will have to share standard operating

procedures (Holmes et al., 2010). The standardisation of protocols, to guide data pro-

duction, quality, and robustness, is central to coordinating efforts between scientists

working in different places.

Some efforts have been made in this direction, and some recommendations were

published to standardise metabolic exploration and reporting (Sansone et al., 2007).

A recent publication (Griffin and Steinbeck, 2010), again stressed the need to make

real efforts towards standardising data in metabolomics in order to build central repos-

itories so that data can be shared by the metabolomics community and very large pro-

jects can be distributed across multiple sites, as was done for transcriptomics and

Challenges in nutritional metabolomics: from experimental design to interpretation of data sets 11



proteomics approaches. The metabolomics community has not yet achieved this level

of sharing and site distribution even if some databases, including NMR and MS data,

are available as described in Section 1.5 (Human Metabolome database, the Madison

Metabolomics database, the INTERNET database, etc.). Individual initiatives have

also been published. For example, Kanani et al. (2008) proposed a typical workflow

for GC-MS metabolomics analyses, using optimised derivatisation procedures, data

acquisition, peak identification, and quantification. However, even if GC-MS has

been used for a long time and even if extensive databases and experimental protocols

are available for this technique, it is not an easy task if one considers the complexity of

biological samples, the number of chemical families that have to be quantified and the

number of derivatisation reactions that have to be fully controlled for optimising reac-

tion yield in order to obtain reliable data. A comprehensive procedure has also recently

been described for faecal water metabolomics analysis (Gao et al., 2009), using a

GC-MS approach.

Created in 2003, the LIPID Metabolites and Pathways Strategy (LIPID MAPS)

consortium was initiated by a large collaborative project funded by the NIH, and it

is a good example of a coordinated multicenter effort for standardisation

(Schmelzer et al., 2007) (Dennis, 2009). The objectives of the LIPID MAPS were

to identify and quantify all the major and minor lipid species in mammalian species

and to identify changes due to perturbations, in order to understand the role that lipids

play in major diseases such as diabetes and cardiovascular events. Protocols were

defined and carried out in the laboratories of the different participants, and extraction

protocols were optimised for each lipid class, analysed by LC-MS in order to facilitate

the sharing and comparison of the data sets, further leading to the development of

biochemical pathways and interaction networks. Three hundred and forty-two lipid

species in the yeast lipidome were quantified, and their changes related to specific

gene deletions or growing temperatures were determined (Dennis, 2009).

By providing global biochemical information, metabolomics represents a promis-

ing way to monitor changes in compounds from the metabolism, endogenous and food

metabolites. Yet, metabolomics is not limited to the physicochemical analysis of tis-

sues and biofluids, and its development includes all upstream and downstream stages

from experimental design to data analysis for a biological interpretation. Each of these

steps must be developed to optimise the use of metabolomics in nutrition science.
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2.1 Introduction

Understanding the contribution of gene–environment interactions, and in particular

the contribution of nutritional factors as drivers for adverse or protective effects in

the maintenance of health and in the aetiology of disease, is of prime importance if

we are to reduce the global burden of disease in both Western and developing world

populations. An array of postgenomic technologies (transcriptomics, proteomics,

metabonomics, etc.) have been applied to characterise pathological conditions such

as obesity, diabetes, intestinal disorders, and neurodegeneration in animal models

and in man, with a view to improving our understanding of the aetiology of disease.

These same technologies have also been applied to monitoring therapeutic interven-

tions, including surgical, pharmaceutical, and nutritional, with a view to discovering

and implementing new means of therapeutic management.

Of the “omics” technologies, metabonomics provides the most accessible window

in investigating the impact of nutritional interventions on human health since meta-

bolic profiles of readily obtainable biofluids such as blood, plasma, and urine carry

information relating to both genetic and environmental influences, including contri-

butions from the diet and microbial modulation of dietary components (Stella et al.,

2006). Metabolic profiling relies upon the use of high-resolution spectroscopic tech-

niques, typically either nuclear magnetic resonance (NMR) spectroscopy or mass

spectrometry (MS)-based platforms, to generate comprehensive low-molecular-

weight profiles of biofluids, tissues, or cells that subsequently can be modelled and

interpreted using multivariate statistics.

In this chapter, we explore the potential of metabolic profiling as a tool in nutri-

tional research, taking examples from a range of nutritional applications and

highlighting the potential of emerging technology.

2.2 Key issues in nutritional research

It is universally acknowledged that nutrition plays a central role in the maintenance of

good health. Without good nutrition, the body is prone to a myriad of diseases
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stemming from nutrient deficiency or imbalance. Both over- and undernutrition rep-

resent major problems in today’s world with profound consequences on health, social,

and economic impact. Many developed and developing countries acknowledge an

alarming increase in obesity and its comorbidities, with expectation that this trend will

increase for the foreseeable future. The prevalence of overweight/obesity and adverse

(prehypertensive/hypertensive) blood pressure (BP) levels are at epidemic proportions

worldwide. Adverse BP is a major risk factor for stroke and coronary heart disease, the

leading cause of death worldwide. Obesity is a major risk factor for type 2 diabetes,

insulin resistance, related metabolic disorders, and cardiovascular diseases (CVDs)

(Basu and Millett, 2013).

Recently discovered genetic determinants of body weight and obesity, most nota-

bly common variants in the FTO andMC4R genes (Cauchi et al., 2009), explain only a

small proportion of the body mass index (BMI) population variance. Environmental

factors are overwhelmingly important in explaining the trends and differences in the

levels of these risk factors and related disease rates across populations. High sodium

intake, inadequate potassium, high BMI, low levels of physical activity, and high alco-

hol consumption are established risk factors for high BP (Farinaro et al., 1991; Shay

et al., 2012).

An enormous body of research has been conducted on “healthy” diets such as the

Mediterranean and DASH (Dietary Approaches to Stop Hypertension) diets and has

shown that adherence to such diets can reduce the risk of CVD and cancers (Asemi

et al., 2014; Schwingshackl and Hoffmann, 2014). Other areas of nutritional research

have focused on the effect of antioxidants on health, and many studies have explored

the effects of antioxidant-rich foods such as berries, seeds, and other phytochemicals

on various diseases. Several studies highlight the positive effect of phytochemicals on

neurodegenerative conditions including Parkinson’s disease and Alzheimer’s disease

(Kita et al., 2014; Strathearn et al., 2014; Vepsäläinen et al., 2013).

The role of the gut microbiota in nutritional modification, either in respect to the

aetiology and development of disease or as factors to be considered in calculating dis-

ease risk, is currently under scrutiny. In addition to their primary function in host

immunity, the microbiota are known to be associated with harvesting of energy

and metabolism of xenobiotics, including nutrients, and have been implicated in met-

abolic signalling (Fearnside et al., 2008; Ley et al., 2005; Turnbaugh et al., 2009). The

administration of pre- and probiotics has been shown to alter plasma lipids favourably,

in addition to inducing changes in a range of urinary gut microbial metabolites (Martin

et al., 2009).

The inseparable relationship between the mammalian host, its microbiome, and the

diet begins at birth. Infants acquire their microbiota from their mothers. Subsequent

introduction of breast milk or bottle milk further diversifies the microbiome. The

effects of early nutrition extend well beyond childhood and a growing body of evi-

dence suggests that breast-feeding plays a protective role for several noncommunic-

able diseases and conditions such as obesity, type 2 diabetes, and heart disease

(Kelishadi and Farajian, 2014). As the human grows, nutrition continues to be of

prime importance in the maintenance of health and becomes critical in times where

the body is challenged such as in severely ill patients and the elderly. It is widely
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accepted that the importance of correct nutrition is paramount in critically ill patients.

The elderly also represent a vulnerable population in which good nutrition can con-

tribute to overall health and quality of life (Brüssow, 2013).

Nutritional research, therefore, has a wide scope and involves multiple layers of

analyses targeted at different aspects such as food composition; investigation of the

effects of nutrients or foods at the genomic, proteomic, epigenomic, metabonomic,

or even metagenomic levels; and more recently the interaction of nutrients with the

gut microbiota. Other obvious links between the triad of nutrition, human health,

and the gut microbiota are found in the connection between specific foods and adverse

responses (Faria et al., 2013).

2.3 The role of genomics, proteomics, metabolomics,
and metagenomics in nutritional research

For many decades, medicine and science have been studied in academic silos with

researchers specialising in disciplines such as immunology or cell biology. However,

increasingly, it is becoming apparent that the human being functions as a system, and

in order to understand the cause and effect of diseases or interventions, we must

develop a more holistic approach and learn how the different bio-organisational levels

communicate with each other.

A prime example is the generation of neuroactive chemicals from dietary compo-

nents in the intestine by the gut microbiota, which are subsequently absorbed into the

circulation and reach the brain to produce an effect. Thus, an event in the gut is trans-

lated to an effect in the brain. For example, certain tyramine-containing foods, includ-

ing cheese and chocolate, have been associated with migraine and with causing

nightmares. Since these biological events do not occur in isolation, we need to sample

the whole system at multiple levels, ideally in multiple locations.

A major barrier to translating nutritional interventions into clinical settings is the

lack of validated biomarkers of intake and efficacy. Beyond the relatively crude tools

of dietary recall, food diaries, and traditional epidemiological approaches, the postge-

nomic technologies also offer new avenues and opportunities for nutritional research

in explaining individual differences in response to foods and nutrients and paving the

way for personalised nutrition. The nutriomics fields combine traditional nutritional

practices and data collection with high-throughput genotyping and phenotyping,

molecular epidemiology, and bioinformatics.

Nutrigenomics was the first of the nutriomics fields to emerge and assesses the

effect of nutrients on gene expression profiles, exploring how an individual’s geno-

type can influence absorption, distribution, excretion, or activity of specific nutrients.

Although genetics is an important determinant of CVD, it is clear that environment

also plays a strong role. Here, some progress has been made in studying the interaction

between diet and disease risk, and it is known that omega-3 polyunsaturated fatty acids

interact with the genetic landscape to influence the development of CVD (Merched

and Chan, 2013). It is well established that nutritional factors can alter the epigenome
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and that they can be used to modulate cancer risk (Hardy and Tollefsbol, 2011;

Papoutsis et al., 2010).

Nutriproteomics is an emerging field that characterises molecular and cellular

changes in protein expression in response to nutrients and investigates the interaction

of proteins with food nutrients (Ganesh and Hettiarachchy, 2012). Sweet cherries are

known to have beneficial effects on inflammatory conditions such as gout. In a study

by Kelley et al., sweet cherries were found to reduce several markers associated with

inflammation including C-reactive protein, ferritin, and some of the cytokines (Kelley

et al., 2013).

Metabonomics/metabolomics involves the dynamic and multivariate characterisa-

tion of biofluids or tissues in response to a biological stimulus (Nicholson et al., 1999).

It involves the measurement of biofluids and tissues using spectroscopic methods such

as NMR spectroscopy and MS to generate information-rich metabolic profiles. Due to

the complexity of these metabolic profiles, computational modelling is used to analyse

and interpret the data and to extract candidate biomarkers of disease or to monitor how

a patient responds to a therapeutic intervention, including the modulation of nutri-

tional intake. The term nutrimetabolomics refers to the direct or indirect effect of

the diet on metabolism. The role of metabolic profiling in nutritional studies is

explored further in the following section.

Metagenomics or microbiomics relate to the genetic composition and functional

capacity of microbial communities. In the context of nutrition, it is the gut microbiome

and its capacity for modification of foods and nutrients that are the most relevant. As

mentioned previously, the gut microbiota play an important role as intermediaries

between nutrition and host metabolic response. The measurement of faecal bacteria

is generally via either 16S rRNA or metagenomic profiling, although fluorescent

in situ hybridisation is used occasionally to profile the ecology of bacterial commu-

nities. The faecal bacterial profiles have limitations in that they do not accurately

reflect the community structure or activity of the bacterial communities residing in

the intestinal mucosa. However, despite these limitations, many studies have been

able to show a relationship between the faecal microbiome and nutritional status

(see Chapter 8 for detailed discussion).

2.4 Applications of metabolomics in nutrition-related
research

As stated previously, metabolic profiling (metabonomics/metabolomics) has an

advantage over other omics in that it can profile chemicals deriving from the food

components themselves and map the metabolic effect that a food or nutrient has on

the individual. The metabolic profile acts like a mirror that reflects an image of the

total system, a looking glass that can capture and display the whole ecosystem of

the human body.

The downside of capturing this extra information is that the profiles are a complex

mixture of signals deriving from the individual, their diet, other xenobiotic intake, and
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the gut microbiome and hence sophisticated mathematical modelling is required to

handle the data complexity and to assign specific metabolites to their source of origin.

Because of this inherent complexity, much of the research in nutrimetabolomics has

been carried out in animal models where genetic and environmental background can

be better controlled than in human populations.

Metabolic profiling has been used in a wide range of nutritional studies. Examples

include: authentication of food composition (Caligiani et al., 2014), identification of

adulteration of foods (Alonso-Salces et al., 2010), characterisation of response to nutri-

ents or foods (Stella et al., 2006), validation of nutrient/food intake (Heinzmann et al.,

2010), evaluation of the use of functional foods in various diseases (Saulnier et al.,

2009), prediction of response to nutritional interventions (Clayton et al., 2009;

Wiseman, 2000), and mapping the interaction between food-derived chemicals and

the gut microbiota (Claus and Swann, 2013; Heinzmann et al., 2012). It has also been

used to assess food quality, safety, and adulteration (Alonso-Salces et al., 2010;

Cagliani et al., 2013; Cajka et al., 2014; Caligiani et al., 2014; Wang et al., 2004).

A tantalising proposition for metabolic profiling is the ability to verify the intake of

certain foods, in order to validate 24 h recall data or food diaries. For some food com-

ponents, for example, ascorbic acid (vitamin C) and proline betaine, both found in

relatively high concentrations in citrus fruits, metabolism is limited, and it is excreted

largely unmetabolised, except for micrometabolites. These compounds can serve as

good indicators of recent consumption of these foods and may even be sensitive

enough to give an indication of the quantity of food consumed (Heinzmann et al.,

2010). Other chemicals are more broadly distributed among the groups of foods.

S-methyl-L-cysteine sulphoxide (Edmands et al., 2011) is, for example, found in high

concentrations in the cruciferous vegetables and, in lower levels, in the alliums and is

thought to contribute to the anticarcinogenic properties attributed to cruciferous veg-

etables (Alvarez-Jubete et al., 2014).

2.5 The use of metabolomics to assess the effects
of diet on health

Characterising the metabolic consequences of dietary interventions is perhaps the

most widely developed application of metabolic profiling in nutrition. There are

plenty of examples in the literature of studies evaluating the effect of single foods

or nutrients both in human models and in animal models. The main groups of food

studies using this technology are fruits and polyphenols (see Chapter 9 for a detailed

discussion), natural products, wheat and fibre, meat and fish, milk products, and func-

tional foods such as pre- and probiotics.

2.5.1 Natural products

Both green tea and black tea are purported to have a beneficial effect on health. Com-

pounds such as epicatechins and gallates can be captured in urine spectra. Rodent

Metabolic profiling as a tool in nutritional research 21



studies not only have been used to demonstrate the bioavailability of epicatechins

from green tea but also showed metabolic changes post consumption including a

decrease in the excretion of tricarboxylic acid cycle intermediates and taurine

(Solanky et al., 2003). Another NMR-based study measured the direct effects of green

tea and green tea extracts on body weight, lipids, and lipid peroxidation in individuals

with metabolic syndrome. In addition to a correlation between green tea consumption

and weight loss, the NMR profiles revealed a decreasing trend in low-density lipopro-

tein (LDL) cholesterol and LDL/HDL (high-density lipoprotein) versus controls

(Basu et al., 2010).

2.5.2 Wheat and fibre

Other examples of nutritional metabolic profiling studies include a comparison of

postprandial differences in metabolism after consumption of white bread versus rye

bread, which has a better effect on insulin demand (Bondia-Pons et al., 2011). Several

differences in the plasma profile were observed including increased plasma citrate,

phenylalanine, and ribitol following rye bread consumption with lower levels of nor-

leucine and picolinic acid. Another study investigating the effect of high-fibre rye

bread on the metabolic profiles of postmenopausal women showed modulation of

plasma concentrations of ribitol, ribonic acid, and indoleacetic acid (Lankinen

et al., 2011). The ribonic acid was correlated to tryptophan, implicating the serotonin

pathway in triggering a satiety response.

2.5.3 Meat and fish

Moderate to high consumption of red meat has been associated with adverse health

effects with particular association with colon cancer (Pericleous et al., 2013). Various

metabolic profiling studies have evaluated the effects of meat versus vegetarian diets

and have found increased urinary excretion of creatine, carnosine, acylcarnitine,

methylhistidine, and trimethylamine-N-oxide in meat eaters, whereas 4-

hydroxyphenylacetate and other gut microbial metabolites are associated with urine

metabolites of vegetarian (Adlercreutz et al., 1993; Dragsted, 2010; Stella et al., 2006;

Yap et al., 2010).

2.5.4 Milk products

Metabolic profiling studies have shown systematic changes in the urinary and plasma

metabolic profiles after consumption of milk and dairy products. In a comparison of

children supplemented with either milk or meat protein, milk supplementation was

found to alter short-chain fatty acid profiles in the plasma and to reduce urinary excre-

tion of hippurate, suggestive of a dietary effect on the gut microbiota (Bertram et al.,

2007). Breast milk contains oligosaccharides that serve to feed the gut bacteria rather

than the human host and the initial colonisation of the host sets the template for down-

stream metabolism. Supplementation of human baby microflora-colonised mice with

galactosyl-oligosaccharides showed that these milk-derived prebiotics induced a
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reduction of plasma triglycerides and modulated bile acids (Martin et al., 2009).

Metabolic profiling can also be applied directly to the basic characterisation of milk

composition (Praticò et al., 2014), similarities in human versus primate milk compo-

sition (O’Sullivan et al., 2013), and differences in preterm versus formula milk

(Marincola et al., 2012).

2.5.5 Functional foods

The role of functional foods in promoting health and improving disease has gained atten-

tion from the scientific community and the media. Various claims concerning the effi-

cacy or pre- and probiotics have been made and much of the literature is contradictory.

Products such as yoghourts containing live bacteria, raw wheat bran, and inulin have

become popular yet limited research has been carried out to substantiate the claims. Ani-

mal models that have characterised pre- and probiotics have shown structuredmetabolic

effects reflecting gut bacterial activity, particularly when administered to germ-free ani-

mals (Merrifield et al., 2013). Prebiotics such as inulin have also been shown to have an

effect on the chemical composition of tissues and biofluids (Duan et al., 2013).

Various hospitals promote the administration of pro- and prebiotics to patients

postoperatively. The exact effect of these functional foods is debatable, but since most

patients receive a prophylactic dose of antibiotic prior to undergoing surgery, the pre-/

probiotics is thought to aid the restoration of a healthy gut microbiome. For some con-

ditions, for example, irritable bowel syndrome, there is an association with low rela-

tive concentrations of bifidobacteria, which when supplemented as either a probiotics

or prebiotics that stimulates bifidobacteria ameliorates the symptoms (Kerckhoffs

et al., 2009).

A multitude of studies have also reported on whole diet modulation, such as caloric

restriction or weight-loss diets (Bales and Kraus, 2013). Caloric restriction has been

shown to prolong life and reduce inflammatory conditions in many organisms ranging

from worms and fruit flies to primates (De Guzman et al., 2013; Wang et al., 2007;

Zhang et al., 2012).

2.6 Methods for mapping dietary patterns

In reality, the human diet is complicated and holistic approaches to mapping the effect

of dietary patterns rather than single nutrients or food components will give a more

realistic picture of the influence of the diet on health. Diets such as the Atkins and

South Beach have become popular. One of the newer popular diets is the New Nordic

Diet. This is essentially a “healthy” diet advocating the use of fresh and seasonal

ingredients, more fruits, grains, and whole foods with a reduction in meat content.

LC-MS analysis of 181 individuals randomised to either an average Danish diet

(ADD) or a New Nordic Diet (NND) generated predictive models for dietary pattern

based on a panel of 52 metabolites. The classification of the ADD was more accurate

than NND due to the variation introduced by seasonal food included in the NND, and
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the fact that due to the dietary constraints of the NND, dietary compliance was lower

(Andersen et al., 2014). A study of a murine model of neonatal malnourishment pro-

posed plasma 2-hydroxyisobutyrate (threefold-elevated) and urobilinogen (11-fold

increase) as markers in undernourished mice. Differential faecal excretion of deoxy-

cholate also implicated an altered gut microbiome in the malnourished animals

(Preidis et al., 2014).

An alternative approach to mapping the diet onto metabolism is to investigate the

effect of diet in a free-living population where dietary information has been obtained,

usually by either 24 h dietary recall or food diaries. In the INTERMAP (International

Study of Macronutrients and Micronutrients and Blood Pressure) study,�4800 across

the United States, the United Kingdom, China, and Japan were interviewed by trained

nutritionists to provide 24 h recall information and urine samples were obtained on

two separate visits. The premise of the study was to establish the association between

diet and hypertension and to explore population differences.

NMR spectroscopic analysis of the urine samples showed population differences

with clear differentiation of the Chinese, Japanese, and American populations, reflect-

ing differences in diet and lifestyle (Holmes et al., 2008). Alanine and pentanoic acid

were, for example, characteristic of the Chinese urine samples, high trimethylamine-

N-oxide, reflecting high fish intake, and low hippurate levels were characteristic of the

urine of the Japanese population.

Metabolome-wide association studies (MWAS) offer a powerful newmeans of dis-

covering novel molecular biomarkers and metabolic pathways underlying disease

risk. This approach is analogous and complementary to high-throughput genomic

screening in genome-wide association studies (GWAS), which have led to deeper

understanding of genetic variation underlying common disease. The development

of the concept of MWAS, involving the broad, nonselective analysis and statistical

characterisation of metabolic phenotypes in relation to epidemiological end points

and risk factors, takes its place alongside GWAS and provides a framework for gen-

erating novel testable metabolic and physiological hypotheses that relate to disease

aetiology. The utility of the MWAS approach has been demonstrated for discovery

of novel biomarkers associated with BP variation (Holmes et al., 2008) where formate

and alanine were found to correlate directly, while hippurate was inversely correlated.

An important strength of the MWAS approach lies in its scalability and capacity to

accomplish comprehensive mapping of population phenotypes and the linkage of phe-

notypic variation to many types of disease risk factors. In order to assign candidate

biomarkers generated from MWAS studies with confidence, the metabolome-wide

significance level was developed, which is a combination of permutation and assign-

ment rules (Chadeau-Hyam et al., 2010). The examples of metabolic profiling appli-

cations described here represent a snapshot of the nutritional studies performed to date

and open a window onto systems biology approaches to understanding the role of

nutrition in health.

An obvious route to gaining information at a broader systems level is to correlate

GWAS and MWAS data matrices harnessing the power of large-scale epidemiolog-

ical studies. Some smaller-scale nutritional studies have begun to approach this

systems-level analysis. As an example, a GWAS study on 265 individuals, building
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on the fact that trimethylamine (associated with fish intake) is associated with a micro-

bial gene PYROXD2, confirmed the association and further proposed an association

betweenN-acetylated compounds and the ALMS1/NAT8 locus, driven by SNPs in the

ALMS1 gene (Montoliu et al., 2013).

2.7 Observational and interventional studies into the
effects of diet and nutrition on health

Investigations into the effects of nutrition tend to fall into

– observational (epidemiological) studies

– interventional studies.

Both types of approaches present significant analytic challenges associated with

metabolic profiling.

Epidemiological studies typically sample from many hundreds of individuals and

are more often cross-sectional than longitudinal. The variation attributed to genetic

and environmental factors in humans is vast, and since rarely do we have the luxury

of using an individual as their own control, the variation attributed to specific nutrient

intakes is difficult to deconvolve from other sources of variation. Here, we are relying

on the fact that over the whole population sampled, this extraneous variation should be

largely random. The lack of accurate dietary intake assessment in free-living popula-

tions makes accurate estimation of how diet is associated with specific disease risk

difficult. Typically, studies employ methods such as food diaries or 24 h recall data,

both of which are prone to underreporting and inaccuracies.

One approach to improving dietary accuracy is to calculate, and correct for, the

total energy expenditure but this is often impractical, as it requires knowledge of rest-

ing and physical energy expenditure and the total thermal energy consumption. Given

that the measurement of total energy consumption requires calorimetry to be carried

out in a defined apparatus, this approach is rarely used. Thus, among the biggest road-

blocks to associating food intake with metabolic profiles are as follows: How accurate

is the dietary data and what is the effect of the time lag between food intake and its

signature as captured in the serum or urine? There are acute markers of dietary intake:

proline betaine for citrus fruit, ethyl glucuronide for alcohol, carnitines and carnosines

for meat, etc. However, these markers are of little value if chronic dietary exposure is

the objective of a study.

Nutritional intervention studies offer more control over food intake versus meta-

bolic output where participants remain in a controlled environment for the duration

of the study and the nutrient content of food consumed is carefully monitored, partic-

ularly when such studies are carried out in metabolism suites. On a practical level,

such studies are limited to a small number of participants and are costly to run. More

often, nutritional intervention studies are carried out in free-living populations and

rely on the compliance of the participants to achieve accurate results. Given the inher-

ent variation in human metabolite profiles, it is therefore essential to carry out a care-

ful study design before embarking on any analysis.
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2.8 Analytical methods

Metabolomic analysis involves the qualitative and quantitative analysis of a diverse

range of low-molecular mass compounds over a wide range of concentrations. Met-

abolic profiling therefore requires very high levels of robustness and accuracy from

analytic methods. No one analytic platform can meet all these requirements. The most

common techniques used are:

l MS combined with gas chromatography (GC) or liquid chromatography (LC)
l nuclear magnetic resonance (NMR).

These are discussed below.

MS allows the sensitive quantitative determination of metabolites (Wachsmuth

et al., 2013). However, MS has a number of disadvantages. The matrix coextracted

with the analyte can alter the signal response, resulting in poor accuracy and repro-

ducibility. MS also cannot distinguish between isobaric and isomeric species that

yield similar profiles. As a result, MS has been coupled with high-performance sep-

aration techniques such as LC and GC using a variety of methods to ionise analytes.

LC is preferred for semi- or nonvolative analytes that can be dissolved in a suitable

solvent. An LC assembly consists of a pumping system for one or more solvents that

carries the analyte mixture through the LC column. Following separation, analytes are

detected and a chromatogram produced. Detection methods include full UV/visible

spectra data acquisition using a diode-array detector for fluorescence detection and

electrochemical detection. Selective detection is provided by these methods or tandem

MS in multiple reaction monitoring mode. Selectivity and sensitivity can be further

increased by analyte enrichment methods such as solid-phase extraction or combining

different separation mechanisms with different stationary and mobile phases. Cou-

pling of columns of different selectivity further increases the chances of identifying

compounds of similar physiochemical properties.

GC is preferred for volatile analytes. A typical extraction step used is headspace

solid-phase microextraction (HS-SPME). SPME uses a fibre coated with a stationary

phase (either a liquid polymer or a solid sorbent) that extracts the analytes. A technique

such as comprehensive two-dimensional GC uses two capillary columns for separa-

tion. Separation in the first column is driven by differences in vapour pressure. Sep-

aration in the second column arises from the different strengths and types of polar

interactions with the stationary phase. Time-of-flight mass analysers are used to record

the narrow peaks (which give high detection sensitivity) created by the separation pro-

cesses. Electron ionisation is used to generate fragment mass spectra for analysis.

NMR is a robust, high-throughput analytic platform characterised by speed, repro-

ducibility and less need for sample preparation (Sotelo and Slupsky, 2013). NMR

involves bombarding the targeted nuclei with radio frequency pulses produced by a

strong electromagnetic coil. The most common type is 1H-NMR given the abundance

of this proton in most molecules. The configuration of electrons around the target

nuclei will either augment (deshield) or oppose (shield) the external field around

the nuclei, resulting in frequency changes known as chemical shift. In addition, the
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arrangement of nuclei within a molecule creates distinctive patterns known as scalar

coupling. The combination of chemical shift and scalar coupling means that each mol-

ecule in an NMR spectrum produces a unique magnetic signature that enables it to be

identified within a complex compound. Advances in NMR technology include

advanced pulse sequences (which can help to amplify NMR signals), cyroprobes

(which lower the temperature of the probe, thereby reducing electronic and thermal

interference), microprobes (for smaller volume samples), and stronger magnets that

increase the sensitivity of NMR.

These techniques have allowed metabolomic analysis to reach a high level of robust-

ness and automation. Interlaboratory comparisons of metabolomic analysis for both

NMR and MS techniques have shown good levels of consistency. Fully automated

NMR and MS systems have now been developed. To ensure the robustness of high-

throughputmethods, statistical techniques such asmultivariate analysis are used to assess

the reproducibility of analytic methods and identify discriminating variables correspond-

ing tometabolites inmetabolomic data sets. Effective sample preparation is also essential.

2.9 Issues in analysing samples

Biological samples are typically composed of thousands of chemicals that derive from

multiple sources. Furthermore, each type of biofluid sample carries different informa-

tion sets (Figure 2.1) on different ranges of molecules and pathways representing

4.0

Urine

Bile

Plasma

3.5 3.0 2.5 2.0 1.5 1.0 ppm

Figure 2.1 1H-NMR spectra of urine, plasma and bile showing different metabolic profiles.
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different systemic timescales (plasma provides a snapshot of metabolism), whereas

chemicals in urine are concentrated by the renal tubules and are time-averaged

because of collection and storage in the bladder. There are also multiple complex

physicochemical interactions and differences in analytic matrix properties that not

only determine how samples need to be prepared and analysed but also carry other

types of dynamic diagnostic information that is not revealed by simple (molecular

identity and concentration) compositional analysis.

NMR spectroscopic approaches do not disturb these complex perturbations in

dynamic physicochemical interactions between molecules in biofluids, whereas this

occurs of necessity in MS. However, dynamic chemical features have received rela-

tively little attention from the point of view of diagnostics in comparison with purely

compositional biomarker analysis despite the fact that some biofluids are highly reac-

tive postcollection. For instance, saliva contains high concentrations of enzymes,

which can continue to biochemically degrade samples after collection. Spectroscopic

analysis of biofluid samples reflects their complexity and the resulting profiles contain

a myriad of overlapping signals. Each chemical entity produces a specific, and in the

best case scenario, unique signature in the spectral profile but annotation can be dif-

ficult due to the fact that each chemical will typically generate more than one signal.

In the case of 1H-NMR spectroscopy, each proton environment on a molecule will

generate a unique signal, and it is possible that two independent compounds will gen-

erate signals at the same chemical shift. For example, betaine (associated with choline

metabolism) and trimethylamine-N-oxide both produce a singlet at 3.27 ppm at

pH 7.0 and the CH3 signal from creatine and creatinine often partially overlap. The

expert user will be able to distinguish whether the sample contains betaine,

trimethylamine-N-oxide, or both by using the additional information that betaine

has a second signal at 3.90 ppm and that the signals at 3.27 and 3.9 ppm should reflect

the number of contributing protons to each group in a ratio of 9:2.

Some software packages such as Chenomics and BATMAN (Hao et al., 2012) have

attempted to use curve-fitting algorithms to achieve automated annotation, but these

programmes do not fully accommodate the complexity of biofluid spectra and still

rely on human intervention.

With MS, particularly when coupled with a chromatographic separation phase, the

problem of signal overlap is not as great. However, MS data have their own problems

and chemicals tend to fragment or form adducts resulting in multiple signals reporting

on the same metabolite, which can make quantification difficult, without addition of

labelled standards. Similarly, ion suppression is common in samples that have a com-

plex chemical matrix, which can also be partially resolved by the addition of labelled

samples in targeted assays inwhich themetabolites of interest are preidentified. Another

issue is that after intake of a food or nutrient, it tends to get metabolised, either by endog-

enous metabolism or by cometabolism with the gut microbiota. Thus, a single starting

chemical may translate into many different metabolites and signals in the biofluid.

In order to identify food-derived components, structural elucidation techniques,

including multidimensional NMR spectroscopy, MS/MS or MSn, and hyphenation

of LC/NMR/MS, have proven useful (Dear et al., 2000). An example of two-

dimensional NMR, for structure elucidation, is given in Figure 2.2. More recently,
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statistical total correlation spectroscopy (Cloarec et al., 2005), a statistical correlation

method for identifying signals relating to the same molecule or for identifying signals

from molecules sharing pathway connectivities, has been developed and has shown

particular utility for NMR data (Figure 2.2). These tools form part of the suite of che-

mometric techniques extensively used in omic analysis. These methods are briefly

described in Chapter 3.
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3.1 Introduction

Chemometrics is defined as a chemical discipline that uses mathematics, statistics,

and formal logic to (Massart et al., 1997):

(a) design or select optimal experimental procedures,

(b) provide maximum relevant chemical information by analysing chemical data,

(c) obtain knowledge about chemical systems.

Information-rich omic technologies enable:

l the measurement of complete DNA sequences (genomics),
l the analysis of the presence and abundance of RNA transcripts (transcriptomics),
l the identification and quantification of proteins and their post-translational modifications

(proteomics),
l the determination of composition and concentration changes of metabolites (metabolomics,

also known as metabonomics).

Data mining over different levels of organisation (genomics, transcriptomics, prote-

omics, metabolomics, and metagenomics) reveals compartmentalised systems archi-

tecture in both intracellular and multicellular structures. Compartmentalised systems

architecture refers to the recovery of network interactions and biochemical pathways

at each level of organisation, typically without complete knowledge of the underlying

systems structure (hypothesis generation). For each level of organisation and for inte-

grative studies (the combined analysis of more than one dataset), multivariate statis-

tical techniques are employed to extract information congruent to the research

question(s) derived from the experimental design and the type of data collected.

In this chapter, we give a brief summary of the current chemometrics methods used

at each level of organisation for genomics, transcriptomics, proteomics, metabolo-

mics, and metagenomics datasets. The chemometrics methods are discussed with
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respect to the fundamental research question and the experimental design employed at

each level of organisation.

3.2 Unsupervised and supervised pattern
recognition methods

Chemometric approaches can be organised largely into:

l unsupervised pattern recognition methods
l supervised pattern recognition methods

Unsupervised methods are those that do not require any a priori knowledge to explore

multidimensional datasets with respect to a class (or group) or combined set of mea-

sured variables, such as genes, proteins, transcripts, and metabolites. Nor do these

methods require information about the relation of these measured variables to a par-

ticular class (or group), such as nutritional status, country of origin, age, and gender.

However, knowledge of the assumptions of the multivariate algorithms employed and

a good understanding of the statistical quality of the measured variables are vital (as

with all multivariate statistical approaches) to ensure high-quality modelling results.

In this regard, great care and consideration should be applied when selecting data pre-

processing method(s) (filtering, integration, reduction, or transformation) prior to the

multivariate analyses (van den Berg et al., 2006).

Unsupervised approaches used largely in omic analyses include orthogonal decom-

position methods such as:

l principal component analysis (PCA) (Jolliffe, 2005),
l trilinear decomposition methods for multiple datasets,
l parallel factor analysis (PARAFAC) (Bro, 1997a; Harshman, 1970a),
l Tucker (Tucker, 1966a).

Hierarchical clustering methods are methods in which one may obtain any number of

clusters, K, 1�K�n, by selecting the appropriate number of links in the dendrogram,

and this is also true for non-hierarchical clustering, with the difference that the K is

defined a priori by the user. A variety of dissimilarity measures (the Euclidean dis-

tance, Pearson’s correlation and Spearman’s rank correlation) and clustering methods

(average linkage, complete linkage, single linkage, and Ward’s linkage) (Dagnelie

and Merckx, 1991; Mahalanobis, 1936; Ward, 1963) are available for hierarchical

clustering. The result of hierarchical clustering is usually presented as a dendrogram

or heat map. Correlation-based analysis includes approaches such as statistical total

correlation spectroscopy (STOCSY) (Cloarec et al., 2005) and statistical heterospec-

troscopy (SHY) (Crockford et al., 2008).

Supervised pattern recognition or discriminant analysis methods aim at deriving

classification rules that enable the user to classify new objects with unknown origin

into one or several known classes. Therefore, these techniques require a priori knowl-

edge with respect to the class (or group) membership, that is, identities of the samples
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or individuals with respect to their class, such as nutritional status, country of origin,

and gender. However, these techniques do not require prior information to relate those

groups to a measured variable such as genes, proteins, or transcripts.

The power of supervised pattern recognition methods lies in the model construc-

tion, which consists of the following steps:

(1) Selection of a training or learning set

(2) Feature or variable selection

(3) Derivation of a classification rule

(4) Validation of the classification rule

Selection of a training or learning set consists of objects of known classification for

which a certain number of variables are measured. Feature or variable selection is an

iterative procedure in which variables that are meaningful for the classification are

retained, whilst variables with little or no discriminating (or modelling power)

are omitted from the analysis. Derivation of a classification rule is dependent upon

the supervised pattern recognition method selected. Validation of the classification

rule is done using an independent dataset.

Supervised pattern recognition methods used in omic analyses include:

l linear discriminant analysis (Coomans et al., 1978),
l partial least squares (PLS) (Ståhle and Wold, 1987),
l non-hierarchical clustering approaches such as SIMCA (soft-independent modelling of class

analogy) (Wold, 1976),
l nonlinear clustering methods such as kernel or potential density functions (Coomans and

Broeckaert, 1986; Forina et al., 1987, 1991),
l neural networks (Rumelhart et al., 1986; Werbos, 1974),
l Kohonen’s self-organising map (Kohonen, 1982).

Nonlinear methods such as nonlinear clustering, neural networks, and self-organising

maps offer comparable or even superior classification potential; however, they do not

provide transparency in terms of the discriminating signals.

3.3 Multivariate calibration methods for developing
predictive models

Multivariate calibration methods are typically used for the development of semi-

quantitative and quantitative models for the prediction of properties of interest.

The advantage of using these methods is that the entire spectrum, that is, NMR or

MS profile, can be used as a predictor rather than one variable within the measured

set (i.e. one chemical shift). The incorporation of the entire spectrum tends to lead to

better predictive results, although it opens up the possibility that essentially non-

informative spectral regions are included in the model through chance correlations

in the calibration set. Nevertheless, with multivariate data, the opportunity arises to

separate the information relevant to the respective properties from non-relevant var-

iation or random noise.
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Multivariate calibration methods typically used in omic studies include:

l multivariate linear regression (Vandeginste et al., 1997),
l principal component regression (PCR) (Jeffers, 1967; Jolliffe, 2005),
l PLS (also known as projection to latent structures) (Ståhle and Wold, 1987),
l orthogonal signal correction (OSC) (Wold et al., 1998a).

Wold et al. (1998a) introduced OSC to remove the variation in the measured variables

X, which are not correlated (or orthogonal) to the variation in predictor response Y.
This procedure simplified and increased the robustness of the model.

Since the introduction of OSC–PLS (Beckwith-Hall et al., 2002a; Gavaghan et al.,

2002a; Mao et al., 2007a; Wold et al., 1998b), several variations of the OSC–PLS pro-

cedure have been introduced, including:

l OPLS (Trygg and Wold, 2002)
l O2PLS (Trygg and Wold, 2003)

These have the same objective but utilise different methodology that results in the

increased interpretability of the PLS model, with the additional benefit that the

non-correlated variation can be analysed further. These techniques are also used as

discriminant analysis methods in omic applications (Beckwith-Hall et al., 2002b;

Gavaghan et al., 2002b; Mao et al., 2007b).

Model-free or calibration-free techniques known as self-modelling curve resolu-

tion (SMCR) consist of a family of chemometric techniques that utilise a certain math-

ematical decomposition to deconvolve the two-way signals from instrumentally

unresolved multi-component mixtures into factors for single species. In principle,

SMCR does not require a priori information concerning the data to resolve the pure

variables. The only premises are a certain bilinear model for the data and some generic

knowledge about the pure variable, say, non-negativity and unimodality. In common

practice, these premises are naturally satisfied for two-way data obtained from mul-

tivariate measurements on mixtures with varying compositions. SMCR and multivar-

iate curve resolution (MCR) are useful tools for exploring multi-component

phenomena in complex biochemical systems (Gargallo et al., 1996; Lawton and

Sylvestre, 1971; Richards et al., 2008a).

3.4 Statistical data integration methods

There are multiple ways to classify levels of data integration. Three different levels of

integration are (Ebbels and Cavill, 2009)

l conceptual integration, that is, the integrative interpretation of results from multiple

experiments;
l statistical integration, that is, the simultaneous multivariate analysis of data from multiple

sources;
l model-based integration, that is, the construction of predictive functional networks or

models from multiple experimental components.
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Here, we focus on the recent developments and applications at the statistical level of

data integration or data fusion (also called multiblock, multiview, or multiset data

analysis) for omic applications. We will consider the challenges of data integration

in the following areas:

– Across different analytic platform, that is, NMR or LC/MS

– The simultaneous analysis of biofluid or tissue sample (urine, saliva and faecal samples,

liver, etc.)

– Integration of different omic experiments such as DGGE, FISH, and NMR

A detailed review of statistical integration methods for metabonomics applications is

given in Richards et al. (2010).

Integration of data from multiple platforms has become a common practice in

metabol(n)omics applications in spite of the challenges associated with combining

data with high sample-to-variable ratios, which include differing data structure, tem-

poral variability, instrument drift, scaling effects, missing data, heterogeneity in noise

level, and high collinearity of variables, which may lead to random correlation

structure. However, the potential gain in information recovery (including greater effi-

ciencies with respect to the number of metabolites recovered), the number of samples

processed (particularly in large epidemiology studies) across multiple spectroscopic

and chromatographic instruments, structure elucidation, and elucidation of metabolic

pathway connectivities are the main drivers to address such challenges.

3.5 Data integration: multiblock strategies

Unsupervised and supervised pattern recognition methods utilised for multiplatform

analyses include multiblock strategies. These methods search for directions of similar

sample distribution in the multiple dimension space defined by each measurement

matrix. The contribution of each block is expressed as a measure of the extracted

variability for each common dimension. The covariance and correlation structure

in two-block data matrices such as (GC/MS and LC/MS) can be investigated using:

l consensus CPCA (Smilde et al., 2003)
l canonical correlation analysis (CCA) (Hotelling, 1935)

CPCA focuses on the direction describing the largest source of variance, whilst CCA

identifies trends between the two datasets that are strongly correlated (Wold, 1976).

However, the number of variables in omic experiments often exceeds tens of thou-

sands. In this case, the high dimensionality and the insufficient sample size lead to

computational problems as CCA requires the computation of the inverse of the covari-

ance matrices of X and Y. To circumvent this problem, regularised CCA (rCCA) has

been recently proposed by González et al. (2009) when dealing with ill-conditioned

covariance matrices by adding a regularization term on their diagonal. The proportion

of the overlapping dominant sources of variance can be quantified using CPCA, val-

idated against the matrix correlation coefficient (the RV coefficient) (Smilde et al.,

2005, 2009).

Chemometrics methods 41



Multiple factor analysis (MFA) (Escofier and Pages, 1994; Pages and Tenenhaus,

2001), a similar method to CPCA, has been applied for simultaneous analysis of
1H–13C heteronuclear multiple-bond connectivity, nuclear magnetic resonance spec-

troscopy (1H–13C HMBC NMR), and pyrolysis coupled with metastable atom bom-

bardment time-of-flight mass spectrometry (Py–MAB-TOF-MS) (Dumas et al.,

2005). In MFA, each block is weighted to the square root of the first eigenvalue

derived from PCA of each block (Escofier and Pages, 1994; Pages and Tenenhaus,

2001) rather than the square root of the sum of squares, followed by PCA decompo-

sition of the row augmented matrix, in CPCA. The advantage of the MFA weighting

procedure is it accounts for dominant scaling effects. Furthermore, Van Deun et al.

(2009) in a separate study showed that simultaneous component analysis (SCA)

methods, that is, MFA, were largely dependent upon the weighting (Van Deun

et al., 2009) and noise structure (van den Berg et al., 2009).

Hierarchical PCA (HPCA) (Westerhuis et al., 1998; Wold et al., 1996) has been

used for the simultaneous analysis of 1H NMR combined with gas chromatogra-

phy/electrospray ionization time-of-flight mass spectrometry (GC–EI-TOF-MS)

(Biais et al., 2009) for the global compositional analysis of melon fruit flesh extracts

(Biais et al., 2009). Both HPCA and hierarchical PLS (Westerhuis et al., 1998; Wold

et al., 1996) have been applied for the simultaneous analysis of LC/MS and 1H NMR

to classify rats dosed with citalopram (Forshed et al., 2007). Multiblock PLS algo-

rithm (Wangen and Kowalski, 1989) has been applied to multiplatform data LC/MS

and GC/MS to study the liver protection effect of traditional Chinese medicine,

fructus ligustri lucidi (Yao et al., 2013).

Additional OPLS modelling strategies proposed for analysing multiple block

spectral data include:

l hierarchical PLS (Eriksson et al., 2006)
l O2PLS

O2PLS has been used to integrate FT-NIR and GC–TOF-MS spectral data of 3000 rice

FOX Arabidopsis lines. This analysis showed that the joint variation of predictive

metabolites explained the chemical relationships between FT-NIR and GC–TOF-

MS, whereas metabolite changes associated with rice gene function were determined

in the unique variation (Suzuki et al., 2010).

OnPLS (Löfstedt et al., 2013) is an extension of O2PLS that decomposes a set of

matrices, in either multiblock or path model analysis, such that each matrix consists

of two parts:

l A globally joint part containing variation shared with all other connected matrices
l A part that contains locally joint and unique variation, that is, variation that is shared with

some, but not all, other connected matrices or that is unique in a single matrix

A further extension suggested by the authors, Löfstedt et al. (2013), is to decompose

the part that is not globally joint into locally joint and unique parts. To achieve this, the

OnPLS method first finds and extracts a globally joint model and then applies OnPLS

recursively to subsets of matrices that contain the locally joint and unique variation

remaining after the globally joint variation has been extracted. This results in a set
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of locally joint models. This modelling strategy can be used for multiplatform, multi-

sample, multibatch and multiomic integrative applications.

A nonlinear kernel-based classification method has been utilised to integrate GC-MS

and NMR data to characterise the progression of multiple sclerosis (Smolinska et al.,

2012). In order to reduce the complexities associated with high-sample-to-variable-ratio

data, a feature selection method support vector machine–recursive feature elimination

(SVM–RFE) was used to extract the relevant variables (Guyon et al., 2002; Hardy and

Tollefsbol, 2011).The filteredGC-MSand 1HNMRdatasetswere integratedusing linear

combinations of kernel matrices (Yu et al., 2011) prior to the application of PLS-DA.

Smolinska et al. (2012) visualised the relative contribution of each variable to KPLS-

DAmodel (variable importance)byapplyingandextending thepseudo samples principle

(Krooshof et al., 2010; Postma et al., 2011) to address the issue associated with informa-

tion recovery from the variable space.

A consensus (OPLS-DA) strategy for multiblock omic data has been recently

developed (Boccard and Rutledge, 2013) based on the nonlinear kernel-based classi-

fication strategy by Smolinska et al. (Yu et al., 2011) that takes advantage of the easy

interpretability of the OPLS-DA model with a dimensionality reduction, data reduc-

tion, and resampling steps. Themethod is an extension of the kernel-based approach to

OPLS-DA, based on the extraction of consensus components via the decomposition of

the reduced measurement matrix computed as a weighted sum of XXT product matri-

ces. This approach was applied in three case studies as follows: (a) fusion of mass

spectrometry-based metabolomic data acquired in both negative and positive electro-

spray ionization modes, from leaf samples of the model plant Arabidopsis thaliana;
(b) two-dimensional heteronuclear magnetic resonance spectroscopy for the classifi-

cation of wine grape varieties based on polyphenolic extracts; and (c) a heterogeneous

dataset from systems biology data related to NCI-60 cancer cell lines from different

tissue origins, which include metabolomics, transcriptomics, and proteomics

(Boccard and Rutledge, 2013).

Overall, consensus PCA was found to increase computational efficiency and

improve prediction results when compared to multiblock PLS and data concatenation.

Limitation of the method was the lack of optimization of the block weights to increase

predictive power. To address this issue, the authors propose to develop a weighting

scheme to account for these specific variations.

3.6 Data integration: calibration transfer methods

Calibration transfer methods (Wang et al., 1991) are important to consider as a pre-

treatment method for multiplatform integration, especially when transferring a study

from one instrument to another or in the event of instrument failure or downtime. In

large-scale studies requiring data acquisition over many months or years, study times

can be reduced through data acquisition on multiple instruments and subsequent data

fusion. Calibration transfer methods compensate for differences in data collected for

the same samples on two or more instruments or on the same instrument at different

time points.
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Models based on multivariate calibration procedures such as PLS or PCR can be

used to eliminate or reduce the variation in response observed between instruments.

Multivariate standardised techniques such as direct standardization and reverse stan-

dardization (and their piecewise variants) use a set of transfer samples analysed on

both instruments to transform the response from one instrument to another (Wang

et al., 1991).

Vaughan et al. (2012) had utilised a calibration transfer method to compare the

response profiles from the two LC-MS platforms and transformed the data so that both

datasets could be integrated, through row-wise concatenation of pre-treated (feature

selection and metabolite identification) and transformed (PLS regression) datasets.

The transformed row-wise concatenated datasets were autoscaled prior to the appli-

cation of PCA. It was found that the application of the calibration transform method

reduced intra-sample, intra-instrumental and inter-instrumental variation and

increased inter-subject variability.

3.7 Data integration: multiway/multimodal analysis
methods

A number of multiway or multimodal analysis methods have been used for the full

integrative modelling of multiplatform data. These techniques differ to the previously

mentioned techniques in that an N-order tensor (i.e. observations�variables�
time�� � �) is simultaneously decomposed/factorisedwithout the needof first unfolding

themeasurementmatricesprior to theanalysis.Anextensive reviewof the requirements

for multiway and multiblock analysis is given in Bro (2006) and Smilde et al. (2000).

These methods include but are not limited to:

l PARAFAC (Harshman, 1970b; Harshman and Lundy, 1984),
l Tucker decomposition (Kroonenberg and Deleeuw, 1980; Tenberge et al., 1987; Tucker,

1966b),
l Nway-PLS (NPLS) (Bro, 1996a),
l ANOVA–simultaneous component analysis (ASCA) with PARAFAC (an extension of

ASCA to the multiway case) (Jansen et al., 2008).

Since they have been used most extensively, PARAFAC and Tucker decomposition

are discussed in more detail below.

3.7.1 PARAFAC

PARAFAC is most similar to PCA since both methods provide a unique solution and

are fitted in a least squares sense. However, the orthogonality and maximum variance

component constraints required in PCA to obtain a unique solution are not required to

obtain a unique solution in PARAFAC since the PARAFAC model is unique in itself

(Bro, 1997b). The requirement and hence limitation of the PARAFAC model is that

the data must be approximately low-rank trilinear to provide physically meaningful

loadings (e.g. pure spectra).
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PARAFAC has been applied to chromatographic studies. These include the detec-

tion of disease-resistant clones of Eucalyptus using a feature selection method, Fisher

ratio and PARAFAC for the analysis of GC–GC–qMS. Utilising this approach, the

authors were able to determine resistance biomarkers in Eucalyptus hybrids against
rust disease (Hantao et al., 2013). PARAFAC has been applied to 2-D gas chromatog-

raphy with TOF mass spectrometry (GC–GC–TOF-MS). Low levels of L-beta-

methylamino-alanine (BMAA) were consistently identified in trace amounts in tissue

samples that were previously undetectable in standard assays (Snyder et al., 2010).

PARAFAC has also been used in fluorescence spectroscopy excitation emission

matrix (EM) measurements that were applied to human blood plasma samples from

a case–control study on colorectal cancer. The combination of PARAFAC and three-

way fluorescence data (EEM) was found to be particularly favourable since the param-

eters of the PARAFAC model could be related to estimate the relative concentration

(scores) and the emission and excitation spectra (loadings) of the fluorophores in the

sample. Furthermore, it was found that the discrimination results were similar whether

the authors applied classification directly on the raw unfolded spectra or extracted

estimates of the underlying fluorophores by use of PARAFAC. Better conditions

for a chemical interpretation/understanding of the results were obtained using

PARAFAC (Lawaetz et al., 2012).

PARAFAC has also been extended to two-dimensional J-resolved 1H NMR data.

The PARAFAC decomposition reflected the concentration, individual component

spectra along the chemical shift axis and the corresponding profile along the

J-coupling axis of a set of saffron samples, extracted in methanol-d4. The PARAFAC

model increased interpretability by linking the chemical shifts with the J-coupling

constants (Yilmaz et al., 2011).

PARAFAC has also been utilised for lipoprotein characterization using 2-D

diffusion-edited NMR spectroscopy providing chemically meaningful spectra

(Dyrby et al., 2005a) and for time-resolved biomarker discovery using 1H NMR

(Alm et al., 2010). PARAFAC has also been applied to coeluting 13C and 12C isoto-

pically labelled metabolites to improve accuracy and precision of quantitative meta-

bolomics and 13C flux analysis. The PARAFAC-based data analysis approach was

used to isolate and quantify severely overlapped peaks (chromatographic resolution

of �0.1) from the 13C-labelled cell extract internal standard from Methylobacterium
extorquensAM1 cell cultures grown in methanol and 12C-natural versions of the same

metabolite from each other, background noise and overlapping interferences (such as

natural 13C isotopes and unknown coeluting metabolites). It was shown that the

quantitative information for individual metabolites and time course analysis of isotope

enrichment could be determined with high accuracy and may be of use for future

dynamic 13C flux studies (Yang et al., 2012).

3.7.2 Tucker decomposition

Tucker decomposition (Kroonenberg and Deleeuw, 1980; Tenberge et al., 1987;

Tucker, 1966b), a generalised PCA on multiway data, has the same capabilities of

PCA, that is, to compress variation, extract features and explore data. In addition
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to these capabilities, the presence of the core array in the Tucker decomposition allows

for the interpretation of the interaction between the different components, describing

the variations between the samples, andmeasurement onmultiple variables and exper-

iments. Furthermore, the three-way structure of the original data may allow for more

direct interpretation of features common to the data (Henrion, 1994; Kroonenberg,

1983). Dyrby et al. (2005b) showed how a traditional dose–response experiment could

be properly explored using Tucker3 models. Idborg et al. (2004) exemplified the use

of PARAFAC and N-way partial least squares (NPLS) (Bro, 1996b) in handling

metabolite screening using liquid chromatography/electrospray ionization mass spec-

trometry (LC/EI-MS).

Visualization of important variables in each mode (samples and measurement on

multiple variables and experiments) can sometimes be difficult with these models (i.e.

NPLS, Tucker and PARAFAC). An analogy to the two-way correlation loading plot to

assess variable significance was considered by Lorho et al. (2006), and a generaliza-

tion to the multiway case was developed using congruence loadings and applied to a

metabonomics experiment using 2-D diffusion-edited NMR (Lorho et al., 2006).

ASCA (Jansen et al., 2005) has been developed to increase the interpretability of a

multivariate dataset in terms of the experimental design (i.e. providing a more direct

answer to the experimental question at hand) and extended to the multiway case by

combining ASCA with PARAFAC (PARAFASCA) (Jansen et al., 2008). This

approach was used to study the time–effect of hydrazine toxicity in the composition

of urine of rats evaluated by 1H NMR spectroscopy. Acar et al. had completed a

detailed evaluation of the limitation and advantages of data integration within

the framework of coupled matrix and tensor factorization in comparison with

CANDECOMP/PARAFAC(CP) models (Carroll and Chang, 1970; Harshman, 1970b).

3.8 Data integration: correlation-based approaches

Structural connectivity and biological connectivity between metabolites measured on

multiple spectroscopic platforms have been achieved using correlation-based

approaches, such as statistical total correlation spectroscopy (STOCSY, (Cloarec

et al., 2005)). STOCSY is a correlation-based method for aiding the identification

of potential biomarker molecules in metabonomics studies and adopts Pearson’s or

Spearman’s correlation to derive a correlation matrix between each data point in a

spectrum for a given set of spectra (Cloarec et al., 2005). STOCSY uses the correlation

of the intensity variables in a spectrum and identifies the presence of multiple peaks

from the same compound in a set of NMR spectra. Typically, excluding a high degree

of signal overlap, the correlation matrix from a set of spectra containing different

amounts of the same molecule shows very high correlations between the data points

corresponding to the resonances of the samemolecule. Furthermore, two or more mol-

ecules representing the same pathway can also show intermolecular correlations or

anti-correlations because of biological covariance due to common pathway activity.

Interpretation of STOCSY outcomes in terms of clusters of metabolites with sim-

ilar co-expression patterns has been recently achieved using cluster analysis statistical
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spectroscopy (CLASSY (Robinette et al., 2009; Wang et al., 2008)), resulting in a

local–global correlation clustering scheme, unveiling pathway connectivities and

variability in individual responses. The outcome of correlation and covariance

analyses is used in statistical recoupling (Blaise et al., 2009) to associate regions of

consecutive variables to restore spectral dependency and allows the formation of

superclusters, improving the interpretability of latent variables for metabolic bio-

marker recovery (Blaise et al., 2009). Extensive correlation analyses on individual

features or variables of interest, for example, as detected by OPLS, can be further

investigated using MetaFIND (Bryan et al., 2008), which was reported to aid metab-

olite signature elucidation, feature discovery and inference of metabolic correlations

(Bryan et al., 2008).

Alternatively, it is possible to perform HET-STOCSY (heteronuclear statistical

total correlation spectroscopy) across a set of samples by using two NMR datasets

of different nuclei, for example, 1H and 31P (Coen et al., 2007; Wang et al., 2008)

or 19F and 1H (Keun et al., 2008). The STOCSY principle can be extended to identify

correlations between NMR spectra and various types of MS data, SHY. This is par-

ticularly pertinent for nutrition research where nutrients are present in low concentra-

tions and therefore detectable only by MS but where their metabolic effect may be

detectable by NMR. The cross correlation of spectral parameters has a synergistic

effect with increased information extraction, as bidirectional multivariate correlations

between identified and unidentified signals can lead to mutually increased informa-

tion content and significantly improved interpretability. The approach is not limited

to these two platforms, and other examples include the integration of NMR and cap-

illary electrophoresis (Garcia-Perez et al., 2010). Thus, the statistical integration of

molecular profiles of the same sample using different spectroscopic platforms enables

molecular biomarker identification and information recovery on metabolic pathway

connectivities by the examination of different levels of the analytic platform–platform

correlation matrices.

3.9 Data integration: techniques for analysing
different types of genomics datasets

The emergence of high-throughput genomics datasets from different sources and plat-

forms (e.g. gene expression, single-nucleotide polymorphisms (SNP) and copy num-

ber variation (CNV)) has greatly enhanced understanding of the interplay of these

genomic factors and their influences on complex diseases. It is beneficial to explore

the relationship between these different types of genomic datasets. A number of

approaches have been proposed to analyse multiple genomic data, for example:

l partial least squares correlation (PLSC (Lê Cao et al., 2008))
l CCA (Hotelling, 1936)

In CCA, correlations between two datasets are determined through investigation of the

canonical correlation coefficients. The canonical correlation coefficients can be
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calculated directly from the two datasets or from (reduced) representations such as the

covariance matrices. The algorithms for both representations are based on singular

value decomposition. CCA is closely related to PLSC (Wegelin, 2000), which is

obtained by maximising the correlation between the linear combinations of variables

from two datasets, for example, a linear combination of SNPs and a linear combina-

tion of gene expressions.

CCA has proved to be a powerful method in previous studies especially in GWAS

(genome-wide association study). Peng et al. (2010) had proposed a canonical

correlation-based U-statistic metric to detect SNP-based gene–gene co-association

in two sample case-control datasets. They explored its type I error rate through sim-

ulations on two real datasets. In another study, Naylor et al. (2010) had implemented

CCA to detect genetic associations between SNPs and gene expression levels. By this

methodology, they claimed to reduce the amount of necessary comparisons.

For large-scale genomic studies, Parkhomenko et al. (2009) suggested using a

sparse implementation of CCA. They divided their dataset into small subsets of vari-

ables belonging to different types and performed variable selection by maximising the

correlation between these subsets. Lin et al. (2013) introduced a new group sparse

CCA method (CCA-sparse group) along with an effective numerical algorithm to

study the mutual relationship between two different types of genomic data (i.e.

SNP and gene expression). Gumus et al. (2012) utilised CCA in searching viral inte-

gration patterns on the sequences reported by Schröder et al. (2002).

CCA-based analysis can be applied to protein datasets as well, such as for searching

correlated functions between moment-based features, autocorrelation, composition,

transition or distribution (Li et al., 2006; Shi et al., 2006). However, in the presence

of insufficient training data, CCA tends to overfit the data. Regularised CCA (RCCA)

is an improved version of CCA that tends to prevent over-fitting by using a ridge

regression optimization scheme (De Bie and Be Moor, 2003). However, the regular-

ization process required by RCCA is computationally very expensive.

The concept of “genetical genomics” (Jansen and Nap, 2001) was introduced by

Jansen and Nap (2001), aiming at merging genome-wide expression profiling and

genome-wide genotyping in segregating populations, using the statistical genetics

used in the analysis of quantitative trait loci (QTL). A subsequent paradigm shift

was introduced, known as expression QTL (eQTL) approaches (Schadt et al., 2003).

3.10 Statistical data integration of different
sample types

Changes in metabolic chemistry in different body compartments caused by exposure

to a biological intervention can be described as integrative metabonomics (Nicholson

et al., 2002; Yap et al., 2006). Such timed profiles in multiple compartments are them-

selves characteristic of particular types and mechanisms. The statistical integration of

multiple tissue samples can reveal metabolic information associated with, for exam-

ple, the Cori cycle between the muscle and the liver or insight about renal clearance or

retention from the coanalysis of plasma and urine, thus giving a more complete
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description of the mechanistic consequences than can be obtained from one fluid or

tissue alone.

Typically for integrative metabonomics analyses, multivariate statistical models

are constructed on each biofluid and (or) tissue using either unsupervised or super-

vised pattern recognition methods such as PCA, PLS-DA and OPLS-DA, followed

by an integrated interpretation of the results from the different biological compart-

ments. Examples of single-block analysis followed by interpretation include nutri-

tional studies (Martin et al., 2009a) and various pre- and probiotics on gut

microbiota (Claus et al., 2008; Dumas et al., 2006; Martin et al., 2008, 2009b).

However, information relating to the common systematic variance across the dif-

ferent compartments and the detection of inter-compartment functional relationships

is hard to recover using such approaches. More recently, an integrative metabonomics

approach using OSC–PLS and HPCA for the full statistical integration of the jejunum,

ileum, colon, liver, spleen and kidney samples was completed in order to enhance and

increase understanding of physiological and pathological consequences of a patent

Schistosoma mansoni infection in mice (Li et al., 2009).

Spatiotemporal interorgan metabolic control functions were modelled by Montoliu

et al. (2009) with various 2- and 3-way multivariate statistical approaches including

PCA, multiway PCA (N-PCA) (Nomikos and MacGregor, 1994), MCR–alternating

least squares (MCR–ALS) (Tauler et al., 1993) and PARAFAC to abstract the

inter-compartmental functional relationships between healthy mice plasma, liver,

pancreas, adrenal gland and kidney cortex. Of the multivariate approaches,

MCR–ALS and PARAFAC appeared to be better adapted for stepwise variable and

compartment selection for further correlation analysis because both methods provided

an overview of functional relationships across matrices and enabled the characteriza-

tion of compartment-specific metabolite signatures (spectrotypes (Richards et al.,

2008b)). Furthermore, the spectrotypes enabled the differentiation between both

specific and common biochemical profiles associated with the different biological

compartments (Montoliu et al., 2009).

3.11 Statistical data integration of different molecular
components in samples

Systems biology aims to combine the molecular components (transcripts, proteins and

metabolites) of an organism and incorporate them into functional networks or models

designed to describe its molecular connectivities and dynamic activities. On a system-

wide scale, the description requires three levels of information (Albert, 2007;

Grimplet et al., 2009):

(A) Identification of the components (structural annotation) and characterization of their iden-

tity (functional annotation)

(B) Identification of molecules that interact with each component

(C) Characterization of the behaviours of the transcripts, proteins and metabolites under var-

ious conditions (Gavaghan et al., 2002c)
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Bioinformatics approaches in systems biology include biomarker discovery and

reconstruction of regulatory signals in biological networks (see Section 3.4).

Metabolic phenotypes, or metabotypes (Blaise et al., 2007), can be analysed in a

statistical genetics framework like other phenotypes, with a genetic component and an

environmental component. Such framework consists of linking the genomic variation

information with the metabolomic variation information using appropriate statistical

tools, such as CCA. This has been used to examine the interdependent relationship

between host epithelial cell gene expression and bacterial metagenomic-based profiles

in healthy full-term infants in order to identify intestinal genes potentially important in

microbiome regulatory pathways and the integrative gut development process in the

first few months of life (Griffin et al., 2004).

Other chemometrics methods include PLS (Rantalainen et al., 2006), O2PLS

(Bylesjo et al., 2007, 2009; Schwartz et al., 2012) and PARAFAC (Verouden

et al., 2009). Conesa et al. (2010) evaluated Tucker3 and NPLS for analysing multi-

factorial data structures to identify underlying components of variability that intercon-

nect different blocks of omic data. These methods were used for the integration of

gene expression, metabolomics and physiological data. Furthermore, Golugula

et al. (2011) developed a novel efficient supervised regularised canonical correlation

analysis (SRCCA) algorithm that is able to incorporate a supervised feature selection

scheme to perform regularization, unlike CCA and RCCA that do not take complete

advantage of class label information, when available. SRCCAwas applied to the prob-

lem of predicting biochemical recurrence in prostate cancer (CaP) patients, following

radical prostatectomy, by fusing histological imaging and proteomic signatures.

The use of quantitative trait locus mapping of metabolomic traits, or “mQTL”,

provides a very good conceptual, analytic and mathematical framework to identify

genomic regions influencing metabolic profiles. This approach was introduced in

plants (Keurentjes et al., 2006; Schaub et al., 2006) and in rodent genetic inter-crosses

targeting type 2 diabetes (Dumas et al., 2007). Altogether, these studies apply the

genetical genomics concept to metabolomic traits, or genetical metabolomics. The

resulting linkage maps allowed the identification of associations between genomic

sequence variants and plasma metabolites.

The mQTL approach integrates variations obtained from metabolome-wide pro-

filing and genome-wide genotyping to identify genetic variants or loci influencing
metabolite levels: in tissues and biofluids, if a genetic variant affects the activity of

a specific enzyme, a variation in the levels of metabolic substrates or products is

expected. The concept of metabolome-wide association study (MWAS) (Holmes

et al., 2008) was introduced to highlight the potential of metabolomic markers in

molecular epidemiology (Holmes et al., 2008).

The mQTL, GWAS and MWAS approaches have now merged in human epidemi-

ology with several successful clinical applications (Gieger et al., 2008; Illig et al.,

2010; Tanaka et al., 2009). In terms of validation of loci, the idea that a genome

sequence variant (QTL) could directly influence simultaneously the expression of

its gene (eQTL), its translation into a protein (protQTL), its effect on metabolism

(mQTL) and phenotypic outcome (pQTL) provides a powerful self-validation tool

(Fu et al., 2009). However, the occurrence of co-localization is very rare (<10 loci
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in Arabidopsis thaliana genome), suggesting the limits of cis-QTL effects. Ultimately,

genetical genomic and mQTL approaches require an independent validation for

any locus of interest identified, whether it is in an independent experimental cross

for animal models (Dumas et al., 2007) or in an independent cohort for clinical

applications (Illig et al., 2010).

3.12 Modelling relationships between molecular
components

Metabolic pathway annotation is now part of the post-genomic knowledge compila-

tion effort (Kanehisa and Goto, 2000), for example, mapping molecular profiles onto

public databases of functional and pathway information, such as the Kyoto Encyclo-

paedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000), Gene Ontology

Consortium (Ashburner et al., 2000) and Interactome (Ito et al., 2001). Such databases

enable the rapid development of knowledge-based methods for uncovering higher-

order systemic operation of the cell and the organism from genomic and molecular

information.

As an example, Tavazoie et al. (1999) put forward a method now known as

over-representation analysis and discovered distinct expression pattern clusters in

mRNA and found that they were significantly enriched for genes with similar function

(Tavazoie et al., 1999). Mootha et al. (2003) introduced the concept of Gene Set

Enrichment Analysis (Mootha et al., 2003; Subramanian et al., 2005), in which a

set of genes involved in a signature are compared to existing knowledge about

gene pathways (Curtis et al., 2005). This allows a transition between simple biological

entities, such as genes, to a higher-order description, such as gene pathways, and

leads to a synthetic view of the relevant biological pathways and functions affected.

Gene Set Enrichment Analysis is a generic method that can be easily extended to

proteomic data and metabolic profile data, or Metabolite Set Enrichment Analysis

(Pontoizeau et al., in prep.).

To our knowledge, no real attempt has been made to integrate metabolomic markers

to theknowninteractome—the rapidlygrowingknowledgeofprotein–protein interaction

(PPI) networks (interactome) for human, model organisms and host–pathogen that may

begin to provide network-based models for diseases (Ge et al., 2001; Ito et al., 2001;

Sanchez et al., 1999). According to Sanchez et al. (1999), the total number of genes of

an organism is less important than the complete repertoire of interactions potentially

encoded by its genome (i.e. the interactome) (Sanchez et al., 1999). Several interactions

(protein–DNA, protein–RNA and protein–protein) were initially included, but due to

the presence of double-hybrid and co-immunoprecipitation assays, most of the work

has focused on PPIs.

Topological properties of the entire metabolic network exhibit robustness against

isolated random genetic mutations and/or metabolic perturbations. Robustness of the

metabolic reaction network also depends on its high level of plasticity and regulation,

which is at least part mediated by gene variants, transcriptional variation, protein
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abundance and modulation activity through direct molecular interactions and covalent

binding (Navratil and Dumas, in prep.).

Full sequencing of various organisms now allows genome-scale metabolic recon-

struction approaches. The metabolic network of organisms or tissues can then be

inferred from the genome sequence. Such strategies involving network-based predic-

tions of metabolism have been successfully applied to yeast (Dyrby et al., 2005a), and

a range of other microorganisms, as well as human metabolism, are now complemen-

tary to metabolic profiling (Shlomi et al., 2008, 2009). A comprehensive review on

integrated omic approaches for modelling of cellular networks is given by Joyce

et al. (Joyce and Palsson, 2006).

3.13 Conclusion and future trends

The ability to generate and model rich genotypic and phenotypic data in relation to

benchmark nutritional information, enabled by the advent and maturation of multio-

mic technologies (genomics, transcriptomics, proteomics, epigenomics, metabo-

nomics and metagenomics) and powerful bioinformatics platforms, makes stratified

and personalised nutrition a tangible proposition. New tools such as rapid evaporative

ionizationmass spectrometry (REIMS) will open up new possibilities in food analysis,

allowing the characterization of composition within a second to minute time frame. In

addition to new analytic tools in nutrimetabolomics, the creation and commercializa-

tion of databases for food components will enable the identification of adulterated

products and the identification of food consumption in biofluids such as urine and

serum. Harmonised instrumentation across multiple centres, for example, the six core

metabolomics facilities in the United States and the National Phenome Centre in the

United Kingdom, has the potential to provide a unified framework for harvesting and

modelling genotypic and dynamic phenotypic datasets in relation to nutritional infor-

mation. New pipelines for mathematical fusion of these information sets are required

to create new systems models for the stratification of individuals in order to augment

optimised nutrition, to improve food safety and to provide more holistic therapeutic

management for critically ill patients.

References

Albert, R., 2007. Network inference, analysis, and modeling in systems biology. Plant Cell

19, 3327–3338.
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Löfstedt, T., Hoffman, D., Trygg, J., 2013. Global, local and unique decompositions in OnPLS

for multiblock data analysis. Anal. Chim. Acta. 791, 13–24.

Lorho, G., Westad, F., Bro, R., 2006. Generalized correlation loadings. Extending correlation

loadings to congruence and to multi-way models. Chemom. Intell. Lab. Syst. 84, 119–125.

Mahalanobis, P.C., 1936. On the generalized distance in statistics. Proc. Nat. Inst. Sci. (Cal-

cutta) 2, 49–55.

Mao, H.L., Xu, M., Wang, B., et al., 2007. Evaluation of filtering effects of orthogonal signal

correction on metabonomic analysis of healthy human serum H-1 NMR spectra. Acta

Chim. Sin. 65, 152–158.

Martin, F.P., Wang, Y., Sprenger, N., et al., 2008. Top-down systems biology integration of

conditional prebiotic modulated transgenomic interactions in a humanized microbiome

mouse model. Mol. Syst. Biol. 4, 205.

Martin, F.P., Rezzi, S., Pere-Trepat, E., et al., 2009a. Metabolic effects of dark chocolate con-

sumption on energy, gut microbiota, and stress-related metabolism in free-living subjects.

J. Proteome Res. 8, 5568–5579.

Martin, F.P., Sprenger, N., Yap, I.K., et al., 2009b. Panorganismal gut microbiome-host met-

abolic crosstalk. J. Proteome Res. 8, 2090–2105.

Massart, D.L., Vandeginste, B., Buydens, L., De Jong, S., Lewi, P., Smeyers-Verbeke, J., 1997.

Handbook of Chemometrics and Qualimetrics: Part A. Elsevier Science Pub Co,

Amsterdam.

Montoliu, I., Martin, F.P., Collino, S., Rezzi, S., Kochhar, S., 2009. Multivariate modeling strat-

egy for intercompartmental analysis of tissue and plasma 1H NMR spectrotypes. J. Prote-

ome Res. 8, 2397–2406.

56 Metabolomics as a Tool in Nutrition Research

http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0345
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0345
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0355
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0355
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0360
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0360
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0365
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0365
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0370
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0370
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0370
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0375
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0375
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0375
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0375
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0380
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0380
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0385
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0385
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0390
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0390
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0390
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0395
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0395
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0395
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0400
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0400
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0405
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0405
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0410
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0410
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0415
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0415
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0420
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0420
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0420
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0425
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0425
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0425
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0430
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0430
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0430
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0435
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0435
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0440
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0440
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0440
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0445
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0445
http://refhub.elsevier.com/B978-1-78242-084-2.00003-4/rf0445


Mootha, V.K., Lindgren, C.M., Eriksson, K.F., et al., 2003. PGC-1alpha-responsive genes

involved in oxidative phosphorylation are coordinately downregulated in human diabetes.

Nat. Genet. 34, 267–273.

Naylor, M.G., Lin, X., Weiss, S.T., Raby, B.A., Lange, C., 2010. Using canonical correlation

analysis to discover genetic regulatory variants. PLoS One 5, e10395.

Nicholson, J.K., Connelly, J., Lindon, J.C., Holmes, E., 2002. Metabonomics: a platform for

studying drug toxicity and gene function. Nat. Rev. Drug Discov. 1, 153–161.

Nomikos, P., MacGregor, J.F., 1994. Monitoring batch processes using multiway principal

component analysis. AICHE J. 40, 1361–1375.

Pages, J., Tenenhaus, M., 2001. Multiple factor analysis combined with PLS path modelling.

Application to the analysis of relationships between physicochemical variables, sensory

profiles and hedonic judgements. Chemom. Intell. Lab. Syst. 58, 261–273.

Parkhomenko, E., Tritchler, D., Beyene, J., 2009. Sparse canonical correlation analysis with

application to genomic data integration. Stat. Appl. Genet. Mol. Biol. 8, 1–34.

Peng, Q., Zhao, J., Xue, F., 2010. A gene-based method for detecting gene–gene co-association

in a case–control association study. Eur. J. Hum. Genet. 18, 582–587.

Postma, G., Krooshof, P., Buydens, L., 2011. Opening the kernel of kernel partial least squares

and support vector machines. Anal. Chim. Acta. 705, 123–134.

Rantalainen, M., Cloarec, O., Beckonert, O., et al., 2006. Statistically integrated metabonomic-

proteomic studies on a human prostate cancer xenograft model in mice. J. Proteome Res.

5, 2642–2655.

Richards, S.E., Wang, Y., Lawler, D., Kochhar, S., Holmes, E., Lindon, J.C., et al., 2008a. Self-

modeling curve resolution recovery of temporal metabolite signal modulation in NMR

spectroscopic data sets: application to a life-long caloric restriction study in dogs. Anal.

Chem. 80, 4876–4885.

Richards, S.E., Wang, Y., Lawler, D., et al., 2008b. Self-modeling curve resolution: a new

approach to recovering temporal metabolite signal modulation in NMR spectroscopic data:

application to a life-long caloric restriction study in dogs. Anal. Chem. 80, 4876–4885.

Richards, S.E., Dumas, M.E., Fonville, J.M., Ebbels, T., Holmes, E., Nicholson, J.K., 2010.

Intra-and Inter-omic fusion of metabolic profiling data in a systems biology framework.

Chemometrics Intell. Lab. Syst. 104, 121–131.

Robinette, S.L., Veselkov, K.A., Bohus, E., et al., 2009. Cluster analysis statistical spectroscopy

using nuclear magnetic resonance generated metabolic data sets from perturbed biological

systems. Anal. Chem. 81, 6581–6589.

Rumelhart, D., Hinton, G., Williams, R., 1986. Learning internal representations by error prop-

agation. In: Rumelhart, D.E., McClelland, J.L. (Eds.), Parallel Distributed Processing.

Foundations. MIT Press, Cambridge, MA.

Sanchez, C., Lachaize, C., Janody, F., et al., 1999. Grasping at molecular interactions and

genetic networks in Drosophila melanogaster using FlyNets, an Internet database. Nucleic

Acids Res. 27, 89–94.

Schadt, E.E., Monks, S.A., Drake, T.A., et al., 2003. Genetics of gene expression surveyed in

maize, mouse and man. Nature 422, 297–302.

Schaub, J., Schiesling, C., Reuss, M., Dauner, M., 2006. Integrated sampling procedure for

metabolome analysis. Biotechnol. Prog. 22, 1434–1442.
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4.1 Introduction

Lipidomics, which studies cellular lipids (i.e. the lipidome) in a large scale, has

emerged as a rapidly expanding research field under the umbrella of systems biology.

Researchers in lipidomics determine the structures, functions, interactions, and

dynamics of cellular lipids, identify their cellular localisation (i.e. subcellular mem-

brane compartments and domains); and measure the dynamic changes that occur dur-

ing physiological and pathophysiological perturbations. Lipidomics plays an

important role in nutritional research. In this chapter, the current status of the plat-

forms for lipidomics analysis is summarised, and the applications of lipidomics for

nutritional research are briefly discussed.

4.2 Lipids

Lipids are a complex mixture of metabolites, which have recently been classified into

eight categories: fatty acyls, glycerolipids, glycerophospholipids, sphingolipids, sterol

lipids, prenol lipids, saccharolipids, and polyketides (Fahy et al., 2005). Fatty acyls are

structurally the most simple category that includes various classes of fatty acids, eicos-

anoids, docosanoids, fatty alcohols, fatty aldehydes, fatty esters, fatty amides, fatty

nitriles, fatty ethers, and hydrocarbons. Fatty acids are the basic building blocks of

more complex lipids, such as glycerolipids. Glycerolipids include monoacylglycerol,

diacylglycerol, and triacylglycerol (TAG) species. These neutral lipids have a glycerol

backbone with fatty acid chains linked to the hydroxyl groups of glycerol. It should be

pointed out that fatty alcohols linked by an ether bond are also found in these neutral

lipids in low abundance (Bartz et al., 2007).

Glycerophospholipids are key components of cellular membranes, although they

are involved in metabolism and signalling. The complexity of glycerophospholipids

can be illustrated with the classes (different headgroups), subclasses (different link-

ages of an aliphatic chain to the hydroxyl group of glycerol at the first position based

on stereospecific numbering system (i.e. sn-1)), and individual molecular species (dif-

ferent aliphatic chain structures) (Figure 4.1). Based on its name, individual molecular

species in this category of lipids contain three components: “glycero-” (i.e. at least one
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glycerol molecule is centred in each individual species), “phospho-” (i.e. at least one

phosphodiester is linked to a hydroxyl group of glycerol at the sn-3 position), and one
or two aliphatic chains that are connected to the sn-1, sn-2, or both hydroxyl groups of
glycerol. As we know, there are over 10 varieties of the moieties (X) esterified with

the phosphate (i.e. over 10 different classes) (Figure 4.1) and over 30 kinds of possible

aliphatic chains containing different numbers of carbon atoms (i.e. chain length),

different degrees of unsaturation, and different locations of these double bonds.

In addition, there exist three different linkages of the aliphatic chain with the hydroxyl

group of glycerol at the sn-1 position (i.e. three different subclasses). Accordingly, we
can easily estimate that the possible numbers of individual molecular species in the

category of glycerophospholipids should be approximately 30,000. In practise, mass

spectrometric analysis has detected the presence of large numbers of individual lipid

species (e.g. plasmalogen, cardiolipin, and TAG) (Han et al., 2013; Kiebish et al.,

2010; Yang et al., 2007).

Sphingolipid is another category of complex cellular lipids that contain a common

structural feature, a sphingoid base backbone. Themajority of the sphingolipid species

can be represented by a general structure with three building blocks (Figure 4.2). The

building block X represents a different polar moiety (linked to the oxygen at the C1

position of the sphingoid base). These polar moieties include hydrogen, phosphoetha-

nolamine, phosphocholine, galactose, glucose, lactose, sulphated galactose, and other

complex sugar groups, corresponding to ceramide, ceramide phosphoethanolamine,

sphingomyelin, galactosylceramide, glucosylceramide, lactosylceramide, sulphatide,

and other glycosphingolipids such as gangliosides, respectively (Figure 4.2). The

building block Y represents a fatty acid, which is acylated to the primary amine at

the C2 position of the sphingoid base. A variety of fatty acids including those
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containing a hydroxyl group (usually located at the alpha or omega position)

(Figure 4.2) can occupy this position. The building block Z represents the aliphatic

chain present in all sphingoid bases, which is linked through a carbon–carbon bond

to the C3 position. This aliphatic chain varies by length, the degree of unsaturation,

the presence of a branch in the chain, and the presence of additional hydroxyl group(s)

(Figure 4.2). Hundreds of thousands of possible sphingolipid species can be con-

structed from the combination of these three building blocks (Yang et al., 2009a).

Sterols are a class of lipids containing a common steroid core of a fused four-ring

structure with a hydrocarbon side chain and an alcohol group. Cholesterol is the

primary sterol lipid in mammals and is an important constituent of cellular mem-

branes. Oxidisation and/or metabolism of cholesterol yields numerous oxysterols,

steroids, bile acids, etc., many of which are important signalling molecules in biolog-

ical systems. Cholesterol esters esterified with a variety of fatty acids are enriched

in lipoprotein particles such as low-density lipoproteins (LDL) and very low-density

lipoproteins (VLDL).

Lipids play distinct and critical roles in nutrition and health. They are the crucial

components of cellular membranes, which constitute an impermeable barrier of cel-

lular compartments and provide appropriate motifs for membrane protein function.

Lipids serve as an energy storage depot. Many lipids serve as active second messen-

gers. While many lipids can be endogenously synthesised in the human body, certain

essential fatty acids such as linoleic acid and a-linolenic acid, must be obtained from

the diet because they cannot be synthesised from other simple precursors in the diet

(Holman, 1960; Simopoulos, 2000). The lipids obtained from diet are in the intact

forms of triacylglycerols, cholesterol and its esters, glycerophospholipids, and
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sphingolipids. These lipids are absorbed as chylomicron in the intestine and processed

into lipoprotein particles (i.e. VLDL and LDL) in the liver. The fatty acid building

blocks as well as other small constituents are released to serve as nutrients from these

particles by a variety of enzymes such as lipases. The cells absorb the produced fatty

acids and deliver them to mitochondria to produce ATP through coordinate machinery

operation of fatty acid b-oxidation and respiratory chain. Accordingly, dietary lipids

are important components of nutrition.

However, excessive intake of dietary lipids (and energy in general) leads to mem-

brane lipid abnormality, intracellular lipid accumulation, and altered lipid signals

(Sack, 2013). The combination of these abnormalities ultimately leads to cell dysfunc-

tion and subsequently organ function disorder. Therefore, lipid disorder is closely

associated with many pathophysiological complications, such as heart disease,

high blood pressure, gestational and type 2 diabetes, inflammatory bowel disease,

Alzheimer’s disease, depression and multiple sclerosis (Han, 2005; Qi, 2012).

4.3 Lipidomics

Lipidomics is an analytical chemistry-based research field that studies cellular lipi-

domes (i.e. all cellular lipids) on a large scale and at the intact molecular level

(Blanksby and Mitchell, 2010; Dennis, 2009; Griffiths and Wang, 2009; Gross and

Han, 2011; Han and Gross, 2003; Han et al., 2012; Shevchenko and Simons, 2010;

Wenk, 2005). The research in this field involves precisely identifying the structures

of cellular lipid species including the number of atoms, the number and location of

double bonds, individual aliphatic chains, and the regiospecificity of each isomer,

etc; accurately quantifying individual identified lipid species for pathway analysis;

comparably profiling the lipid samples for biomarker discovery; and determining

the nutritional status and interactions of individual lipid species with other lipids, pro-

teins, and metabolites in vivo. The analysis of lipid structures, mass levels, cell func-

tions, and interactions in a spatial and temporal fashion provides the dynamic changes

of lipids during physiological (e.g. nutritional) or pathological perturbations. Accord-

ingly, lipidomics plays an essential role in defining the biochemical mechanisms

underlying lipid-related disease processes through identification of alterations in cel-

lular lipid signalling, metabolism, trafficking, and homeostasis.

The typical lipidomics workflow in lipidomics consists of three main components

including (1) sampling and lipid sample preparation, (2) lipid analysis, and (3) data

processing and bioinformatics. These components are briefly and separately discussed

in the remaining parts of this section.

4.3.1 Sampling and lipid sample preparation

Sampling is a primary component for a successful lipidomics analysis and should be

strictly controlled under identical conditions as possible. Blood cell contamination

should be eliminated if one is sampling for plasma or serum, which can be generally
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achieved through gentle spinning down the blood cells of freshly collected blood.

Blood contamination should be eliminated for tissue sampling from blood-containing

organs through perfusion. It is suggested to freeze-clamp the entire available organ or

tissue and then pulverise the tissue wafers into a fine powder with a stainless-steel

mortar and pestle at the temperature of liquid nitrogen prior to weighing a few milli-

grams of tissue sample. This could eliminate the organ inhomogeneity to a certain

degree. If sampling is the particular section of an organ (e.g. the brain), criteria for

determination of sample representation should be established and care should be taken

during dissection (Han, 2010).

The amount of sample necessary to perform the analysis of a cellular lipidome is

dependent on the analytical instrument available and the choice of a method. For

example, when using multi-dimensional MS-based shotgun lipidomics (MDMS-

SL) with a triple quadrupole mass spectrometer (Vantage, Thermo Fisher Scientific)

with a TriVersa NanoMate device (Advion BioScience Ltd., Ithaca, NY) for sample

injection, the required starting material is approximate 10 mg of wet tissue, one mil-

lion of cells, 100 mL of plasma, or 200 mg of protein of a membrane fraction (Cheng

et al., 2007).With such a sample size, the platform enables one to analyse over 30 lipid

classes and 2000 individual molecular species following multiplexed sample proces-

sing (Yang et al., 2009a).

Lipid extraction is one of the key steps to the successful analyses of cellular lipi-

domes by mass spectrometry in general and in particular when using direct infusion.

Traditionally, lipid samples from biological sources are extracted using a mixture of

chloroform and methanol based on the Folch method (Folch et al., 1957), the modified

method of Bligh and Dyer (Christie and Han, 2010), or other solvent combinations

(Matyash et al., 2008). Internal standards should be spiked into the samples at the ear-

liest step possible in order to minimise concerns regarding incomplete recovery. Dif-

ferent solvent systems may have distinct extraction recoveries for various lipid classes

and molecular species.

During the extraction, a salt should be used that matches the adducts preferred for

mass spectrometric analysis. Acidic extraction conditions can lead to destruction of

plasmalogens, so the usage of acid(s) during extraction should be used with caution.

The presence of detergents may complicate the analysis of individual lipid species by

mass spectrometry resulting from extensive ion suppression and may also affect the

column separation of lipids. Thus, detergents should be avoided in sample preparation

when possible. If present, great care needs to be exercised in removing as much of the

detergent as possible. It should be noted that many researchers use solid-phase extrac-

tion chromatography procedures to prepare a fraction of particular lipids for mass

spectrometric analysis (Christie and Han, 2010).

4.3.2 Lipid analysis

Lipid analysis is the core of lipidomics. Many types of advanced instruments and tech-

nologies could be applied for this purpose. Historically, gas chromatography, liquid

chromatography, fluorescence spectroscopy, nuclear magnetic resonance spectroscopy,

etc., have been widely used for lipid analysis (Feng and Prestwich, 2006). Nowadays,
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due to the advances in its technologies for sensitivity, mass resolution, mass accuracy,

and speed, mass spectrometry is an essential tool for lipid analysis in lipidomics.

Two types of analytics are commonly applied in lipidomics: (i) hypothesis-driven
targeted analysis and (ii) a comprehensive, hypothesis-generating, non-targeted anal-
ysis. In the targeted analysis, only a defined group of lipids, usually one or a few lipid

classes, is analysed with a targeted analytical protocol. While this approach allows

very sensitive and robust determination of the selected lipid species, it gives relatively

limited information about the global lipidome. The non-targeted approaches aim to

cover molecular lipids across a wide range of lipid classes in a single analysis.

There are two major complimentary approaches in mass spectrometry-based lipi-

domics. One is developed after direct infusion, which has been referred to as shotgun

lipidomics, whereas the other uses liquid chromatographic separations prior to mass

spectrometric analysis. As briefly described below, LC-MS approaches are more suit-

able for targeted analysis, particularly for minor lipid classes, while shotgun lipido-

mics could be applied for both types of analyses.

4.3.2.1 Shotgun lipidomics

Shotgun lipidomics was originally defined as a strategy for global analysis of a

cellular lipidome directly from the lipid extract of a biological sample in a high-

throughput manner (Han and Gross, 2005a). Nowadays, shotgun lipidomics is gener-

ally discussed in terms of the methodologies for lipid analysis based on direct infusion.

Shotgun lipidomics exploits the chemical and physical properties of lipids to facilitate

the high-throughput global analysis of a cellular lipidome directly from organic

extracts of biological samples (Han and Gross, 2005a). In shotgun lipidomics, a mass

spectrum displaying molecular ions of individual molecular species of a lipid class of

interest can be acquired at a constant concentration of the lipid solution without a time

restriction. This unique feature allows researchers to perform precursor-ion scans of

particular fragment ions and/or neutral loss scans of desired neutrally lost fragments

for individual molecular species of a lipid class or a category of lipid classes for their

identification and quantitation without the time constraints. Unfortunately, this

approach is not ideal for the analysis of poorly ionised lipids in low abundance as

a result of ion suppression. Another limitation of this method is its inability to distin-

guish isomeric species when their fragmentation patterns are identical.

There are at least three different platforms of shotgun lipidomics in practise includ-

ing (1) profiling of lipid molecular species of a class by scanning a characteristic frag-

ment diagnostic of the class (Brugger et al., 1997; Welti and Wang, 2004), (2)

identification and quantification of individual lipid molecular species by using tandem

mass spectrometry employing high-mass-accuracy/high-mass-resolution mass spec-

trometers (Ejsing et al., 2006; Ekroos et al., 2002; Schwudke et al., 2006, 2007;

Stahlman et al., 2009), and (3) identification and quantification of individual lipid

molecular species by multi-dimensional mass spectrometry-based shotgun lipidomics

(MDMS-SL) (Han and Gross, 2001, 2005b; Han et al., 2004b, 2012).

Since naturally occurring lipids are composed of known building blocks (see

above), MDMS-SL analyses those building blocks that are characteristic of individual
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molecular species of a lipid class of interest (i.e. building blocks of the class of inter-

est). A typical example is the analysis of lysophosphatidylcholine (LPC) species

including regioisomers even though LPC species are minor in lipid extract and the

mass spectrometric analysis is ion suppressed by the co-existing abundant lipid spe-

cies such as phosphatidylcholine (PC). The fragmentation patterns of sodiated LPC

species (i.e. [MþNa]þ) after collision-induced dissociation contain multiple abun-

dant and informative fragments corresponding to the building blocks of these species.

These include the neutral losses of trimethylamine (i.e. [MþNa-59]þ) and sodium

cholinephosphate (i.e. [MþNa-205]þ) as well as the ions corresponding to choline

(i.e. m/z 104) and sodiated five-membered cyclophosphane (i.e. m/z 147) (Han and

Gross, 1996). The aliphatic substituent can be derived from the m/z value after iden-
tification of its linkage to a glycerol backbone. Importantly, the intensity ratio of the

choline (i.e. m/z 104) and sodiated five-membered cyclophosphane (i.e. m/z 147) ions
was determined as 3.5 for the sn-1 acyl species and 0.125 for sn-2 acyl species (Han

and Gross, 1996; Yang et al., 2009b). Accordingly, two-dimensional MS analyses of

these building blocks identify individual LPC species from their sodium adducts

including the location of the aliphatic chain in any extract from a biological sample.

It should be noted that without addition of any modifiers to an infusion solution,

sodium adducts of LPC species are always prominently detected. Figure 4.3 shows

a two-dimensional spectrum for identification of LPC species. The spectrum consists

of five scans in the positive-ion mode acquired in the mass region ofm/z 400–600 after
direct infusion of a diluted lipid extract of rabbit myocardium. These scans include a

full-MS scan, a neutral loss scan of 59 amu (NLS59), a neutral loss scan of 205 amu

(NLS205), a precursor-ion scan of 104 Thomson (PIS104), and a precursor-ion scan of

147 Thomson (PIS147). NLS59 could be used to “filter” the low-abundant LPC spe-

cies in this mass range and identify the fatty aliphatic chains in these “isolated” species

(Yang et al., 2009b). LPC species were further confirmed by NLS205, which is spe-

cific to sodiated LPC species in this mass region. Significant changes to an intensity

ratio of an LPC species to the selected internal standard in NLS59 in comparison to

that of the counterpart in NLS205 identified the species as an ether-linked LPC species

(Yang et al., 2009a,b). For example, the intensities of both ions atm/z 502 and 504 are
markedly reduced in NLS205 relative to those in NLS59, indicating that these ions are

ether-linked LPC species. Finally, the intensity ratio of ions atm/z 104 and 147 (which
could be determined from PIS104 and PIS147 of each species) identifies the regios-

pecificity of LPC species (Han and Gross, 1996). From the two-dimensional MS ana-

lyses (Figure 4.3), 19 LPC species were identified and quantified in extracts of rabbit

myocardium after discriminating the regioisomers (Yang et al., 2009b).

4.3.2.2 LC-MS for lipid analysis

LC-MS analysis of lipids is largely dependent on column separation. Numerous col-

umn types including normal-phase, reverse-phase, HILIC, ion exchange, and affinity

have been employed for this purpose (Guo and Lankmayr, 2010). The major advan-

tage of LC-MS analysis is to use chromatographic separation to simplify the complex

lipid extracts. For example, a normal-phase column could be applied for resolving a
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lipid mixture to individual lipid class, or a reverse-phase column may be used to sep-

arate lipid species based on their different hydrophobicities. Of course, no single col-

umn is able to totally resolve a biological lipid extract into single species. Thus,

combinations of different types of columns have been explored for two-dimensional

or multi-dimensional separations either online or offline (Guo and Lankmayr, 2010).

Generally, offline separation approaches (including step fractionations) are broadly

used for enrichment and analysis of lipid classes that are not easily ionised or are pre-

sent in low abundances.

In contrast to shotgun lipidomics, in LC-MS analysis, lipid concentrations are con-

stantly changing, and identification and quantification of lipid species have to be done
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Figure 4.3 Representative two-dimensional mass spectrometric analyses of

lysophosphatidylcholine molecular species in lipid extracts of rabbit myocardium.

Modified from Yang et al. (2009b) with permission from Elsevier B.V., Copyright 2009.
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in a very limited time frame. These features make the LC-MS-based methodology for

the analysis of lipid species distinct from those in shotgun lipidomics. In the analysis

of lipids by LC-MS, single/multiple reaction monitoring (SRM/MRM) becomes the

preferred method for the detection of a particular species since it can be done in a very

short time frame. To achieve MRM detection, pre-determination of individual lipid

species at a certain elution time is required. This approach is unable to conduct global

analysis of individual lipid species for any sample without pre-determination. More-

over, this approach only determines a body of species containing the pair of transition

ions. Alternatively, global lipid analysis by LC-MS could be conducted by using

single-ion monitoring (SIM) in which any ion of interest could be extracted from

the total ion chromatograph. To reduce any artificial ion extraction, very high-

mass-accuracy/high-mass-resolution instrumentation is always required. This

approach determines the entire body of lipid species having identical molecular

weight. The third approach for lipid analysis by LC-MS is data-dependent analysis

of ions. Although this is an ideal approach for identification and quantification of indi-

vidual lipid species, the short elution time does not allow one to extensively identify

all ions detected. When the elution time is narrow, as is observed in UPLC, it is more

difficult to attain extensive identification. Finally, it should be noted that the changing

concentration may result in ion suppression and subsequent artefacts during

quantification.

4.3.3 Data processing and bioinformatics

Large amounts of data are generated in lipidomics. It is fortunate that all the areas of

data processing and bioinformatics for lipidomics, including automated data proces-

sing, statistical analysis of datasets, and pathway and network analysis, have made

great advances.

For automation of data processing, generation of libraries and/or databases that

contain information about the structures, masses, isotope patterns, andMS/MS spectra

in different ionisation modes of lipids, along with possible LC retention times, is crit-

ical. This approach is analogous to the libraries of GC-MS spectra, which can be used

to search a compound of interest after GC-MS analysis. Currently, the most compre-

hensive libraries/databases that contain these types of information include the ones

generated by the LIPID MAPS consortium (http://www.lipidmaps.org) (Sud et al.,

2007) as well as the METLIN created at the Scripps Research Institute (http://

metlin.scripps.edu). The website developed by the group of Dr. Taguchi in Japan

(http://lipidsearch.jp/LipidNavigator.htm) enables investigators to search a lipid spe-

cies based on different parameters, including fragmentation patterns. It should be

noted that shotgun lipidomics identifies lipid species in situ and that a theoretical data-
base constructed based on the building blocks of individual lipid classes is sufficient

(Yang et al., 2009a).

There are a few programs and/or software packages that perform multiple data-

processing steps such as spectral filtering, peak detection, alignment, normalisation,

baseline correction, and exploratory data analysis and visualisation for the requirements

of LC-MS methods (Fahy et al., 2007; Forrester et al., 2004; Hartler et al., 2011;
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Hermansson et al., 2005; Hubner et al., 2009; Laaksonen et al., 2006; Sysi-Aho et al.,

2007; Yang et al., 2011). These programs were developed and largely depend on the

elution times and the determined masses of individual ions. The algorithm called

LipidQA or LipidBlast (Kind et al., 2013; Song et al., 2007, 2009) is designed after

the same line of reasoning as a search of the GC-MS library and contains many

product-ion spectra. With these tools, one can potentially identify a lipid species with

a match of a fragmentation pattern of the species along with other available information

manually or automatically. Unfortunately, identification of the eluted species is compli-

cated when there is incomplete resolution of individual species of a class. In this case,

either an improvement of the resolution of individual species or train for the analysis of

the product-ion spectra acquired from standard isomeric/isobaric mixtures will be

necessary.

Similarly, there are multiple programs and/or software packages that were devel-

oped based on the principles of shotgun lipidomics, including LIMSA (Haimi et al.,

2006), LipidProfiler (Ejsing et al., 2006), LipidInspector (Schwudke et al., 2006),

AMDMS-SL (Yang et al., 2009a), and LipidXplorer (Herzog et al., 2012). The

LIMSA software package, which is available through the website (www.helsinki.fi/

science/lipids/software.html), serves as an interface to process data from individual

full-MS and tandem-MS spectra. The software package LipidView, offered by AB

SCIEX, which was developed in the line of LipidProfiler and LipidXplorer, deals with

the multiple PIS and NLS data or others acquired with those instruments with high-

mass accuracy/high-mass resolution (e.g. Q-TOF and Orbitrap). The AMDMS-SL

program was developed in order to identify and quantify individual lipid species from

the data obtained from MDMS-based shotgun lipidomics.

The next step in bioinformatics is to perform statistical comparisons between data-

sets. To this end, any commercially available software (e.g. SAS, NCSS, IBM SPSS

Statistics, and SIMCA-P) can be used for biostatistical analyses such as principal com-

ponent analysis (PCA), multivariate analysis of variance (MANOVA), and partial

least square (PLS) regression. For example, the application of PCA, PLS, and fuzzy

c-means clustering for data analysis of metabolomics has found that use of a proper

statistical analysis method is essential to improve visualisation, accurate classifica-

tion, and outlier estimation (Li et al., 2009).

Despite the development of numerous pathway analysis tools (van Iersel et al.,

2008; Wheelock et al., 2009), their application for the analysis of altered lipids result-

ing from different states due to physical, pathophysiological, or pathological changes

remains a challenge since no good models are available for the analysis. Different

models have been applied for the analysis of certain pathways in a network

(Cowart et al., 2010; Dhingra et al., 2007; Fahy et al., 2007; Kapoor et al., 2008;

Kiebish et al., 2010; Merrill et al., 2009; Zarringhalam et al., 2012). The LIPIDMAPS

consortium has comprehensively reconstructed lipid pathways based on both exper-

imental data and data from literature by using tools such as VANTED (Junker et al.,

2006) and Pathway Editor (Byrnes et al., 2009). The uses of the VANTED platform in

lipidomics have been reviewed extensively (Wheelock et al., 2009). The Pathway Edi-

tor allows de novo pathway creation and downloading of LIPID MAPS and KEGG

lipid metabolic pathways, as well as retrieval of measured time-dependent changes
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to lipid metabolism components (Byrnes et al., 2009). A quantitative dynamic model

of C16-branch of sphingolipid metabolism developed by Gupta et al. (2011) is a clear

example of integration of lipidomics and transcriptomics data towards a systems biol-

ogy approach for understanding sphingolipid biology. Yetukuri et al. (2007) devel-

oped a lipid pathway reconstruction method based on lipidomics and

transcriptomics data. Similar studies are expected in the future for other lipids. Very

recently, we have developed and validated a novel bioinformatic approach to assess

the differential contributions of the known synthesis pathways to TAG pools through

simulation of TAG ion profiles determined by shotgun lipidomics (Han et al., 2013).

This can be used to assess the changes of TAG biosynthesis pathways induced by

nutrition.

4.4 Lipidomics in nutrition research

It is well known that diet may directly be associated with metabolic dysfunction such

as the “metabolic syndrome” (Moller and Kaufman, 2005; Unger and Scherer, 2010).

However, the connections of specific diets with health outcomes remain elusive. Met-

abolic regulation is different from person to person and at different ages. An optimal

diet for one individual is not necessarily ideal for the other. Accordingly, the primary

goal of nutrition research is to understand the link between specific diets and health

outcomes and to optimise dietary nutrition for human well-being, thereby delaying or

preventing diet-related diseases. Although genetics is an important factor for meta-

bolic syndromes, dietary habits and nutrition are a key modifiable factor contributing

to these diseases. The lipidome is sensitive to many pathogenically relevant factors

such as host genotype, gut microbiota, and diet (see Murphy and Nicolaou, 2013

for recent review). Lipidomics is therefore considered a powerful platform to study

the contributions of genes, diet, nutrients, and human metabolism for health and dis-

ease. Specifically, lipidomics is important for nutritional research in (1) the monitor-

ing of individual nutritional status; (2) the follow-up of compliance, progress, and

success of dietary guidance and intervention; (3) the identification of side effects,

unexpected metabolic responses, or lack of response to specific dietary changes;

(4) the recognition of metabolic shifts in individuals due to environmental changes

or lifestyle modifications; and (5) the normal progression of ageing and maturation

(Stella et al., 2006). Lipidomics can also be applied for food research, such as the

development of food products and evaluation of food quality, functionality, bioactiv-

ity, and toxicity through monitoring the lipid changes.

4.4.1 Lipidomics in the determination of the effects of specific
diets or challenge tests

Lipidomics has been widely applied to determine the changes of lipidomes in response

to caloric restriction. For example, utilising shotgun lipidomics, it was demonstrated

that modest caloric restriction (i.e. overnight fasting) results in accelerated
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phospholipid hydrolysis, membrane remodelling, and triglyceride accumulation in

murine myocardium (Han et al., 2004a). After brief periods of fasting (4 and 12 h)

substantial decreases occurred in the choline and ethanolamine glycerophospholipid

pools in mouse myocardium (collectively, a decrease of 39 nmol phospholipid/mg

protein after 12-h fasting representing �25% of total phospholipid mass). The study

also shows that aliphatic chain length shortening is present in the major phospholipid

classes further reducing endogenous myocardial energy stored in phospholipid ali-

phatic chains and altering the physical properties of myocardial membranes. In con-

trast to reduction of phospholipid mass, myocardial triacylglycerol content is not

decreased during fasting, but increases nearly threefold during 12 h of re-feeding

and returns to baseline levels after 24 h of re-feeding. Other examined lipid classes

are not changed during fasting. In contrast to myocardium, no decreases in phospho-

lipid mass are found, but a dramatic decrease of triacylglycerol mass is manifest after

12 h of fasting in skeletal muscle. These results identify phospholipids as a rapidly

mobilisable energy source during modest caloric deprivation in murine myocardium,

while triacylglycerols are a major source of energy reserve in skeletal muscle. How-

ever, shotgun lipidomics analysis of the lipidome of mouse cerebral cortex after

chronic caloric restriction only demonstrates the alterations in sulphatide homeostasis

(Kiebish et al., 2012).

A 6-month caloric restriction (25 %) study revealed significantly larger differences

of fasting-to-postprandial acylcarnitine concentrations manifest in individuals with

caloric restriction compared to controls since acylcarnitine accumulation is toxic

(Huffman et al., 2012). The study also reveals that the observed differences are related

to improvements in insulin sensitivity (Huffman et al., 2012).

Targeted lipidomics analysis of plasma samples from impaired glucose-tolerant

individuals after an oral glucose tolerance test compared to controls has shown a cor-

relation between significant changes in bile acids and glucose homeostasis (Shaham

et al., 2008). This finding indicates that lipidomic profiling of lipid changes might be

used to predict diabetes and guide its treatment.

Lipidomic profiles have been determined for subjects with myocardial infarction or

unstable ischaemic attack after dietary intervention including either fatty fish or lean

fish for 8 weeks (Lankinen et al., 2009; Schwab et al., 2008). It has been found that

numerous lipid species including ceramides, LPCs, diacylglycerols, PCs, and lysopho-

sphatidylethanolamines are significantly decreased in the group fed the fatty fish diet,

whereas cholesterol esters and specific long-chain TAGs are significantly increased in

the group fed the lean fish diet (Lankinen et al., 2009). The decrease in LPC and cer-

amide content in the fatty fish group might be related to the anti-inflammatory effects of

n-3 polyunsaturated fatty acids, since both LPC and ceramide are the major bioactive

lipid components involving inflammation (Aiyar et al., 2007).

Lipidomics profiling has been used to determine the effects of plant sterols on lipid

metabolism (Szymanska et al., 2012) since it is well known that plant sterol interven-

tion could lead to reduction of both total cholesterol and LDL cholesterol (De Smet

et al., 2012). Healthy mildly hypercholesterolaemic subjects consumed two plant

sterol-enriched yoghurt drinks containing different fat contents for 4 weeks and lipi-

domics analysis of serum samples was performed (Szymanska et al., 2012). It has been
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found that both drinks resulted in the reduction of both total and LDL cholesterol

levels (Noakes et al., 2005). In addition, the low-fat drink resulted in a reduction

of the levels of several sphingomyelins. This reduction, which correlates well with

the reduction of LDL cholesterol, could be due to the co-localisation of sphingomye-

lins and cholesterol on the surface layer of LDL lipoproteins.

Lipidomics has also been used to determine the effects of probiotic intervention on

global lipidomic profiles in humans (Kekkonen et al., 2008). Decreased mass levels of

LPC species, sphingomyelins, and several PC species were detected after exposure to

probiotic lactobacillus rhamnosus GG bacteria for 3 weeks. These changes may be

due to the metabolic events behind the beneficial effects of lactobacillus rhamnosus

GG on gut barrier function (Ng et al., 2009).

4.4.2 Lipidomics in the investigation of metabolic syndrome
and associated diseases

The origin of metabolic syndrome is multifactorial. In addition to the genetic varia-

tion, environmental factors, such as nutrition, dietary patterns, and lifestyles, play a

key role in its development. This could be represented from the study of monozygotic

twins discordant for obesity, which is independent of genetic factors (Wopereis et al.,

2009). The study demonstrated that obesity was related to distinct changes of the

global serum lipid profile (Wopereis et al., 2009). In comparison to nonobese co-twins,

increased levels of LPCs (which are bioactive lipids associated with pro-inflammatory

and proatherogenic conditions (Yan et al., 2005)) and decreased levels of ether phos-

pholipids (which are known to exert antioxidative properties (Engelmann, 2004)) are

manifest in obese co-twins. Importantly, these lipid changes are well correlated with

insulin resistance, a metabolic characteristic of acquired obesity in these healthy adult

twins.The authors have therefore pointed out that propermanagement of obesity,with a

new generation of therapies targeted to the lipidmetabolism pathways, will most likely

correct these abnormalities, and favourablymodify the risk, course, andoutcomeof dia-

betes and cardiovascular diseases. Further lipidomic analyses of adipose tissue in the

same twin population have providedmolecularmechanisms underpinning the acquired

obesity (Pietilainen et al., 2011). It has been found that the obese twin individuals pos-

sessed increased levels of palmitoleic acid and arachidonic acid in their adipose tissue.

A comprehensive analysis of fatty acid composition of erythrocyte in middle-aged and

older Chinese individuals revealed higher levels of docosahexaenoic acid (DHA), but

neither eicosapentaenoic acid (EPA) nor docosapentaenoic acid (DPA) was signifi-

cantly associated with lower odds of metabolic syndrome or elevated blood pressure

and triglycerides (Zhang et al., 2012).

Tetra18:2 cardiolipin (CL) depletion occurred at the very early stages of type I dia-

betic model mice induced by streptozotocin (Han et al., 2005, 2007). CL species are

extensively remodelled at very early stages, leading to a diversified molecular species

profile (Han et al., 2007). Fatty acyl contents of 18:2 and 18:1 in CL, particularly the

former, are dramatically decreased; in contrast, the content of 22:6 is substantially

increased (Figure 4.4). Therefore, the CL species containing fatty acyl chain longer
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than 18 carbon atoms are drastically increased including 18:2–22:6–22:6–22:6,

18:2–20:3–22:6–22:6, and 18:2–18:2–22:6–22:6, as well as 18:2–18:2–18:2–20:3.

Similar to the type I diabetic model, changes of CL species are also manifest in mouse

heart of type II diabetes (e.g. insulin-resistant, leptin-deficient ob/obmice) (Han et al.,

2007). These kinds of CL profiles are ubiquitously present in other mouse heart of type

II diabetes mellitus such as high-fat-induced, db/db, or protein kinase AKT2 knockout
model (X. Han, unpublished data). We believe that the extensive CL remodelling in

diabetic myocardium should have sequentially impacts on mitochondrial dysfunction

and cardiac dysfunction.

It is important to recognise that mitochondrial and peroxisomal phospholipases are

key players in the regulation of cellular bioenergetics and signalling (Gadd et al.,

2006; Kinsey et al., 2007). Mice deficient in phospholipase A2g (iPLA2g
�/�) are resis-

tant to high-fat-diet-induced weight gain, hyperinsulinaemia, and insulin (Mancuso

et al., 2010). Shotgun lipidomics of adipose tissue from wild-type mice demonstrated

a twofold increase in TAG content after being fed a high-fat diet as compared to

iPLA2g
�/� mice fed either a standard chow or a high-fat diet. In addition, shotgun

lipidomics of skeletal muscle has revealed a decreased CL content with an altered

molecular species composition in iPLA2g
�/� mice, thereby identifying for the first

time the mechanism underlying mitochondrial uncoupling in this experimental model

(Mancuso et al., 2010). Tissue macrophage inflammatory pathways have also been

shown to contribute to obesity-associated insulin resistance (Xu et al., 2003).
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Figure 4.4 The contents of different cardiolipin pools including symmetric, modestly

symmetric (i.e. that can be readily remodelled to symmetric ones), and highly asymmetric

(i.e. that are difficult to remodel to symmetric ones) cardiolipin species. STZ, streptozotocin;

X, one of any fatty acyl chains other than 18:2. *p<0.01; **p<0.001; ***p<0.0001.

Data are obtained from Han et al. (2007).
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Hypertension is recognised to be related, among other factors, to unhealthy dietary

habits such as excessive intake of calories, alcohol, and salt (Srinath Reddy and Katan,

2004). Large population-based cohort studies have shown that dyslipidaemia plays a

key role in the development of hypertension (Dutro et al., 2007). Lipidomics analysis

has revealed that lipid metabolism in hypertensive subjects is clearly different from

that in controls, with PC and TAG levels being higher in patient plasma (Hu et al.,

2011). It has been found that the levels of TAG species containing two or three sat-

urated fatty acyl chains were significantly higher in hypertensive subjects, which sug-

gested their potential role in lipotoxicity (Hu et al., 2011). In addition, a large number

of neutral lipid species were significantly elevated in patients, but drastically reduced

after treatment with antihypertensive agents.

4.4.3 Lipidomics to control food quality

Lipidomics is also a powerful tool for controlling food quality and detecting fraud in

food products. The specificity and sensitivity of MS-based methods are officially

recognised by international quality system control agencies for the detection of fraud

and bad practises in food manipulation (Aiello et al., 2011). The term “foodomics” has

been coined to define studies in the food and nutrition domains through the application

of advanced “omics” technologies to improve the health and well-being of consumers

(Cifuentes, 2009). The MS-based strategies for foodomics have recently been

reviewed (Herrero et al., 2012).

TAG species present in oils and fats are important constituents of the human diet,

largely depending on the degree of fatty acyl saturation. To this end, both MDMS

shotgun lipidomics and multistage tandem mass spectrometric approaches could be

used to characterise those species in complex mixtures (Han et al., 2004b; Hsu and

Turk, 1999; Lin and Arcinas, 2008).

Changes in phospholipid composition during storage are one of the most

important changes affecting the freshness of fish, with oxidation and hydrolysis

of phospholipids being the main reasons for quality deterioration. Shotgun lipido-

mics has been used for effective analyses of phospholipids from fish muscle stored

at room temperature (Wang and Zhang, 2011). For example, some phosphatidyleth-

anolamine species that are present in low concentrations in fresh samples are

increased during storage. Those authors have suggested that those species may come

from microbiome breeding in the muscle, a phenomenon that has not been identified

previously (Wang and Zhang, 2011), implying its potential relevance as a marker of

fish quality. MALDI-TOF/MS has also been applied for the characterisation of crude

lipid extracts of several dietary products including cowmilk, soymilk, and chicken egg

(Calvano et al., 2010).

4.5 Conclusion and future trends

Lipidomics has been increasingly utilised in nutritional research. The available ana-

lytical methodologies have already allowed lipid analysis in a high-throughput, effec-

tive, and sensitive fashion. The major obstruction of lipidomics platforms for
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application in nutritional research is the bioinformatics tools for interpretation of lipi-

domic data at the biological, biophysical, and physiological levels.

In nutritional research, lipidomics allows effective and sensitive measurements of

markers of complex pathological states related to altered lipid homeostasis and metab-

olism induced by nutritional interventions or changes of the caloric intake. In the

future, lipidomics should allow development of more personalised approaches for die-

tary guidance and provide tools for shifting the focus of clinical nutrition research

from disease treatment and management to disease prevention. Lipidomics could also

be applied to identify clinical endpoints of a dietary intervention as well as novel bio-

markers, which could be utilised to validate health claims of functional and health-

promoting dietary components. In food development, lipidomics could be used to

monitor the bioactivity and bioavailability of food products to optimise their dietary

value and evaluate their health effects and safety. Taken together, lipidomics should

play an important role in nutritional research in all aspects.
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networks using metabolomics:

understanding the impact of diet

on health
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5.1 Introduction

Metabolism is often investigated on the scale of metabolic pathways. But metabolic

shifts can result from processes spanning several pathways. To investigate these

global responses to stress, untargeted approaches are used to record qualitative and

quantitative data on biochemical entities (e.g. metabolites) belonging to several met-

abolic functions. The bioinformatics solution we present in this chapter is designed to

interpret these datasets (focusing onmetabolome) in order to understand the metabolic

modulations that may occur in response to changes in environmental conditions (e.g.

nutritional changes).

Considered globally, human metabolic functions are achieved through thousands

of biochemical reactions that turn substrate metabolites into products. These output

molecules can then be processed by one or several reactions, thus creating cascade

of reactions. Taken together, these metabolic reactions create a large molecular

web called a metabolic network. When used most directly, metabolic networks pro-

vide a mechanistic interpretation of in vivo or in vitro biomarker metabolites by iden-

tifying which reactions connect them. This metabolic network mapping has proved to

be a way to simultaneously interpret post-genomic and metabolomics data (Deo et al.,

2010; Zelezniak et al., 2010).

Metabolic networks can also be used to identify metabolites contained in rawmeta-

bolomics data. In fact, taking into account all reactions can help analysts reduce the

size of the potential metabolome by keeping only biologically relevant molecules. On

the contrary, metabolites that cannot be synthesised or consumed by any reaction are

expected to occur in the samples.

These genome-scale metabolic network approaches have been successfully applied

in several studies on human metabolism. For instance, they have been used to predict

and confirm biomarkers for inborn metabolic errors (Shlomi et al., 2009), and these

networks are also exploited more and more frequently in cancer research to decipher

the metabolic shifts specific to cancerous cells (Folger et al., 2011). Based on these

observations, networks can then be used to guide research towards new and relevant

therapeutic targets (Frezza et al., 2011). The network structure can also help to detect

Metabolomics as a Tool in Nutrition Research. http://dx.doi.org/10.1016/B978-1-78242-084-2.00005-8

Copyright © 2015 Elsevier Ltd. All rights reserved.

http://dx.doi.org/10.1016/B978-1-78242-084-2.00005-8
http://dx.doi.org/10.1016/B978-1-78242-084-2.00005-8


potentially off-target drug effects by simulating the global impacts of a metabolic

drug. Metabolic network reconstructions can also be built for human parasites (e.g.

Leishmania major, the organism that causes cutaneous leishmaniasis in mammalian

hosts; Chavali et al., 2008) and used as the basis for identifying weak points in the

system that can serve as potential drug targets (Rahman and Schomburg, 2006).

In the nutrition field, the combined use of metabolic networks and metabolomics is

particularly well suited to exploring how some particular diets (through imbalanced

nutrient composition, excess or deficiency in some compound, etc.) may modulate the

use or activity of metabolic pathways in the cell and alter metabolic homeostasis. This

approach should help identify cellular and molecular mechanisms associated with

metabolic diseases or specific dietary conditions; for instance, it might elucidate

the link between diet and cellular mechanisms involved in the development of

diseases such as diabetes or obesity.

This chapter first describes how metabolic networks are defined and built. We then

focus on metabolic networks for human studies and point out databases and file for-

mats available to access this knowledge. In the process, we show how metabolomics

data can be imported into these networks. In the following sections, we describe

different approaches to metabolic modelling, focusing on graph modelling, and we

finally present how these graphs can be mined to determine which metabolic subnet-

works are related to the investigated perturbation.

5.2 Metabolic network reconstruction

5.2.1 Genome-based reconstruction method

Genome-scale metabolic networks were first built for microorganisms and model

organisms such as Escherichia coli or yeast, and several releases of these networks

now allow a more accurate image of these organisms’ metabolisms (Orth et al.,

2011; Price et al., 2004). With sequencing technologies becoming more rapid, it is

now possible to access genomic information for a large range of organisms. A bioin-

formatics generic approach was thus proposed to reconstruct metabolic networks

based on genomic data (Thiele and Palsson, 2010a), and this approach is now applied

to a large range of eukaryotic and prokaryotic organisms.

The first step of the reconstruction process consists of listing potential metabolic

reactions based on the genomic information of an organism. Computational methods

are used to retrieve the proteins (enzymes) that can be produced based on the gene

sequences. Then enzymatic activities are associated with one or several enzymes,

using EC numbers. These numbers are four-digit codes that describe enzymatic activ-

ities (e.g. EC number 6.2.1.30 corresponds to the phenylacetyl-CoA ligase).

Databases such as Enzyme (Bairoch, 2000) or Brenda (Schomburg et al., 2004) are

subsequently used to find the metabolic reactions (substrates, reaction, products)

corresponding to these EC numbers.

This first draft reconstruction often contains false positives (reactions that should

not be in the network) and false negatives (missing reactions) (Ginsburg, 2006).
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Methods are designed to fill these gaps and remove wrong annotations. It can be

achieved by checking for reactions that, if they are added, will complete a pathway.

This “pathway holes” search is implemented using the Pathway Tools software (Karp

et al., 2011). Another option consists of checking whether specific compounds can be

produced given the stoichiometric parameters available in the reconstruction

(DeJongh et al., 2007).

To validate a reconstruction, metabolic scenarios are tested. A reconstruction is con-

sidered to be valid if the network is able to fulfil some known metabolic functions,

meaning that a set of metabolic reactions allows synthesising a metabolite B from a

metabolite A (e.g. generation of energy via oxidative phosphorylation). When informa-

tion in the draft reconstruction is sufficient, the ability of the network to generate

biomass (essential molecules necessary for cell growth) can also be tested using

flux-balance analysis (FBA) methods (Raman and Chandra, 2009). This validation step

requires knowledge of the stoichiometry of the reactions and the ability to translate the

network structure into a stoichiometric matrix to allow for flux calculation. Finally, the

total inhibition of particular reactions can be tested and compared to experimentally

known effects (Chang et al., 2010; Shlomi et al., 2009; Shlomi et al., 2008).

The compartmentalisation of metabolic reactions is a challenging problem that was

not faced in most microorganisms’ reconstructions. Methods have been developed for

retrieving this information from genomic data by identifying gene synteny or targeting

signals (Shatkay et al., 2007). The network structure and the related flux of molecules

also strongly constrain reaction localisation: when some of the reaction localisations

are known, researchers can use this information to infer the localisation of other ones

(Mintz-Oron et al., 2009).

5.2.2 Biochemical reconstruction

Many enzymatic functions are not associated with genes, and some functions are not

yet associated with enzymes. This lack of association can explain the fact that the size

of the network metabolome does not necessarily fit the size of the metabolome

observed in metabolomics samples. Indeed, the Human Metabolome Database cur-

rently contains 40,153 metabolites (version 3.0) (Wishart et al., 2013), and the latest

version of the human network contains 2626 unique metabolites (Thiele et al., 2013).

For instance, metabolites coming from food intake (food metabolome) remain largely

unspecified in genome-scale networks. Chemoinformatics methods, based on infor-

matics and chemistry, enable metabolic network reconstructions without genetic

information through retrosynthetic biology. They can, given an exogenous compound,

find a biosynthetic path allowing connections between this compound and the rest of

the network (Carbonell et al., 2011). Another way to connect the observed metabolites

to the metabolic network consists of building ab initio networks (Breitling et al.,

2006b; Jourdan et al., 2008). This method is based on high-resolution mass spectrom-

etry metabolomics data, which can now be generated. Given two metabolites A and B,

of molecular weight wA and wB, respectively, we can compute the difference

wX¼ |wA�wB| and check whether it corresponds to a known biochemical transforma-

tion. For instance, a carboxylation reaction will be associated with a mass difference
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of 43.98983, which corresponds to the molecular weight of CO2. These chemoinfor-

matics approaches are not yet implemented in the reconstruction pipelines. But they

open a new field in network reconstruction, and the growing activity in metabolomics

and the development of high- and ultra-high-resolution spectrometric methods will

allow the generalisation of these approaches.

5.2.3 Manual curation

Nevertheless, fully automatic reconstruction is not possible, and a long and tedious

process of manual curation is required to produce a relevant genome-scale metabolic

network reconstruction. Thiele and Palsson formalised this curation through “jambo-

rees” during which specific annotation tasks are assigned to curators over the course of

a few days of meetings (Thiele and Palsson, 2010b). To facilitate this collaborative

annotation, some tools are available. For instance, Pathway Tools software allows

metabolic network reconstruction and manual curation of all genes, protein reactions,

and metabolites contained in a BioCyc database (Karp et al., 2011). Organism-specific

BioCyc databases were created that way and are available online (e.g. HumanCyc,

EcoC, etc.). They are classified based on their level of annotation: tier 1 means inten-

sively curated (HumanCyc is part of this group; Romero et al., 2005), tier 2 means that

the database is under curation, and tier 3 means that the database is only the output of

an automatic reconstruction (Caspi et al., 2012). Other software suites offer manual

curation of reconstructed networks (Forth et al., 2010; May et al., 2013).

Manual annotation may be more or less supported by experimental evidence. In

order to keep track of this level of information, a confidence score was introduced

for each reaction. These scores are 0 (not evaluated), 1 (no evidence is available,

but the reaction is required for modelling), 2 (evidence for gene function or indirect

evidence for biochemical reaction based on physiological data), 3 (direct and indirect

evidence for gene function), and 4 (direct evidence for gene product function and bio-

chemical reaction) (Thiele and Palsson, 2010a).

All together genome-scale metabolic network reconstruction takes between

6 months and 1 year. Moreover, as for genome annotation, networks are regularly

updated based on new experimental evidences and the results of new bioinformatics

methods. Finally, it may lead to alternative efforts, especially for model organisms, as

it will be discussed for the human network in the following section.

5.3 Human metabolic networks

5.3.1 Human metabolic databases and genome-scale networks

The human genome has been available and fully annotated since 2004 (Lander et al.,

2004), and information on genes related to metabolic functions is gathered in databases

such as Entrez Gene (Maglott et al., 2005). Based on this knowledge, databases storing

metabolic reactions started providing access to human metabolic pathways. Within

KEGG, researchers can retrieve a list of all enzymatic reactions for which corresponding

genes are found in human genome (Kanehisa et al., 2008). A dedicated BioCyc database
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called HumanCyc, which relates humanmetabolic pathways to the human genome, was

also released and is still maintained (Romero et al., 2005). The Reactome database aims

to gather all human metabolic reactions (Joshi-Tope et al., 2005). Since their first

releases, these databases are regularly updated based on manual curation, cross-

referencing with other databases, and bibliographic knowledge (Croft et al., 2013).

Since 2007, research groups have been working on building genome-scale net-

works based on these lists of reactions. Unlike databases, these networks are available

in single files and can be directly used to perform computations. More than 1500 data

from the literature were used to build the first genome-scale reconstruction of the

human metabolic network (Recon1), which contained 1496 genes and 3744 metabolic

reactions (Duarte et al., 2007). Other human genome-scale networks were built using

alternative approaches (Gille et al., 2010; Hao et al., 2010; Ma et al., 2007) (see

Table 5.1 for a detailed comparison). In this chapter, we focus on the Recon initiative,

whose latest release (Recon2) compiles the data available in the other reconstructions

and results in a network containing 1789 genes, 7440 reactions, and 2626 metabolites

(Thiele et al., 2013). These models describe the global metabolic capacities of the

organism. But tissues and cell lines may have different metabolic behaviours, meaning

different network structures. Methods are currently developed to identify these

metabolic specificities.

5.3.2 Tissue-specific metabolic networks

More recently, efforts have been made to develop cell- or tissue-specific networks that

include only the reactions that are known or strongly suspected to be active in a spe-

cific tissue or cell type. Most of the reconstructions of human tissue- or cell type-

specific networks are derived from Recon1 (Duarte et al., 2007), which constitutes

a basis for the list of network components (compartments, metabolites, and reactions)

that could be included in tissue-specific networks. Reactions from this initial global

network are removed, kept, or modulated (directionality, stoichiometry, compartmen-

talisation may be adjusted) based on the literature about tissue-specific metabolic

functions and on high-throughput data (transcriptomic, metabolomic, proteomic)

obtained in cell- or tissue-specific contexts. Additional metabolites or reactions

may also be added if information strongly supporting their presence is reported in

the literature. For instance, in the small intestine metabolic network reconstruction,

312 reactions that were not present in Recon1 were added (Sahoo and Thiele,

2013). These reactions are mostly transport reactions that allow accounting for

enterocytes-specific transport systems.

These tissue- or cell type-specific networks aim at reproducing the major metabolic

functions known to be performed by the tissue, thus accounting for the metabolic spec-

ificity of the tissue. For instance, the hepatic-specific network developed from Recon1

is able to produce urea, whereas other cell-specific networks are not (Thiele et al.,

2013). Such networks allow for the prediction of specific metabolic behaviours of var-

ious tissues and are expected to have better explanatory and predictive power than

global reconstructions (Vlassis et al., 2014). This step is thus necessary to investigate

the specific metabolic and regulation processes of tissues and potential effects of spe-

cific metabolic diseases.
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Table 5.1 Genome-scale networks

Year Name

Recon-

struction Data/databases used Genes

Unique

metabolites Reactions Compartments Format Validation Reference

2007 Recon1 Manual KEGG, now EntrezGene,

GeneCards, LIGAND,

BRENDAþbiological

evidence from literature

1496 1509 3744 Cytoplasm/ExS/

mitochondrion/

GA/ER/lysosome/

peroxysome/

nucleus

SBML 288

simulated

metabolic

functions

Duarte et al.

(2007)

2007 EHMN Manual KEGG, Uniprot, HGNC,

now EntrezGene, Ensembl,

GeneCardsþ literature

information on human

reactions

2322 2715 2824 No SBML Essentiality

of some

nutrients

(EAA, n-3
and n-6 FA,

and

vitamins)

Ma et al.

(2007)

2010 EHMN Manual Gene ontology (for protein

location information)

2322 2651 4229 Cytosol/ExS/

mitochondrion/GA/

ER/lysosome/

peroxysome/

nucleus

SBML 68 simulated

metabolic

processes

Hao et al.

(2010)

2012 iHuman

1512

Manual Recon1þEHMNþKEGG

and HumanCyc databases

1512 3397 4144 Cytoplasm/ExS/

mitochondrion/GA/

ER/lysosome/

peroxysome/

nucleus

SBML Agren et al.

(2012)

2013 Recon2 Manual Recon1, HepatoNet1,

EHMNþ literature

information

1789 2626 7440 Cytoplasm/ExS/

mitochondrion/GA/

ER/lysosome/

peroxysome/

nucleus

SBML

xls

Matlab

354

simulated

metabolic

functions

Thiele et al.

(2013)

EAA, essential amino acids; ER, endoplasmic reticulum; FA, fatty acids; GA, golgi apparatus; SBML, systems biology markup language.
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Tissue-specific metabolic network reconstruction can be performed either manually

or automatically. Amanual reconstruction consists of a thorough literature search for all

metabolic pathways that have been shown to occur in the considered tissue, using

literature-based knowledge of tissue-specific reactions, information on gene annotation

from databases such as Entrez Gene (Maglott et al., 2005), and information on proteins

from databases such asUniProt (TheUniProt Consortium, 2013) or Brenda (Schomburg

et al., 2004, 2013). Computational methods then quickly and automatically build tissue-

or cell type-specific networks. In these methods, the first step consists in identifying a

set of reactions that are likely to be active in the considered context, based mainly on

evidence from context-specific gene-expression data. Then, different algorithms heuris-

tically prune the initial global network in order to extract a subnetwork that includes as

many of these reactions as possible, while constituting a well-connected and biologi-

cally consistent network. The underlying hypothesis is that there is a strong correlation

between measured gene expression and network-predicted reaction activity, so that the

reaction activity in a specific context can be inferred frommeasured gene expression for

the associated enzyme in this context, which may be untrue in the case of posttranscrip-

tional regulation. This reconstruction may not be possible for all kinds of tissues or cells

since the availability of comprehensive proteomic and transcriptomic datasets for spe-

cific cell-types or tissues may be limited.

Cell type- or tissue-specific genome-scale metabolic networks have been manually

reconstructed for hepatocytes (Bordbar et al., 2011a; Gille et al., 2010), SI enterocyte

(Sahoo and Thiele, 2013), adipocytes (Bordbar et al., 2011a; Mardinoglu et al., 2013),

neuronal cells (Lewis et al., 2010), erythrocytes (Bordbar et al., 2011b), myocite

(Bordbar et al., 2011a), and fibroblast (Vo et al., 2007). Besides, computational

methods have been applied to the global human metabolic network reconstruction

Recon1 to derive specific metabolic networks for numerous human cell-types and

cancer cell-types (Agren et al., 2012; Thiele et al., 2013). A review of developed

tissue- or cell-specific genome-scale metabolic networks is given in Figure 5.1.

In the field of nutrition, such tissue-specific network reconstructionmay be useful for

investigating specificmodulations thatoccur indiet-relateddiseases, aswell as the impact

of diet on tissue metabolism. A network metabolic reconstruction of the small intestine

enterocyte predicted changes inmetabolite fluxes involved inmetabolic syndromeunder

an averageAmerican diet compared to a balanced diet (higher secretion fluxes of choles-

terol polyesters, triglycerides, and glucose in the extracellular space) (Sahoo and Thiele,

2013).Adevelopedadipocytemodel (Mardinogluetal.,2013)wasused tounderstand the

mechanistic changes in adipocytemetabolism in response to obesity, and it enabled iden-

tifyingmetabolites that correspond to up- or down-regulated genes in obese subjects and

that could be used as biomarkers for altered metabolism in these subjects (e.g. the

increased level of androsterone in plasma). Thismodel also supported the prediction that

some metabolic fluxes linked to mitochondrial dysfunction (uptake of glucose, fatty

acids (FAs), oxidative phosphorylation, mitochondrial and perixomal B-oxidation, FA

metabolism, and TCA cycle) were changed in obese subjects, and that these changes

likely result fromtranscriptional down-regulation. Suchmodels can alsobeused to detect

potential therapeutic targets: for instance, the adipocyte network predicted a lowermito-

chondrial acetyl-CoA production in obese subjects, and suggested that it could be

increased by supplementation of b-alanine.
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5.3.3 Limitations

Even if genome-scale networks aim to be as complete as possible by performing gap-

filling methods, reactions are still missing, and consequently, metabolites may not be

found in these knowledge sources. The first reason for this absence of reactions is that

reactions leading to the synthesis of these compounds are not annotated in the genome.

These orphan metabolic reactions (Lespinet and Labedan, 2005) represent 23% of the

activities classified by the Enzymatic Commission (EC) (Yamada et al., 2012). More-

over, some metabolites are mentioned by families (or generic function) like “an alco-

hol”. This is particularly the case for lipids. For instance, the reactions required for

long-chain fatty acid biosynthesis are described, but the large variety of compounds

that can be generated using these reactions are not all mentioned. This is an issue when

attempting to interpret metabolomics data related to these compounds.

These missing reactions also have impacts on the structure of the network. They

may contain dead-end metabolites (metabolites that can only be produced or con-

sumed in the network) or blocked reactions (reactions that cannot carry a nonzero flux

in the network because of missing substrates, products, or cofactors, or because they

involve dead-end metabolites).

hs_sIE611
G: 611
R: 1282
M: 433
Comp: 5

iNL403

CardioNET
G: 2565
R: 1793
M: 728
Comp: 8
T: Cardiomyocytes

iAB-RBC-283
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R: 469
M: 267
Comp: 1

iLJ-HEP-1333
G: 1333
R: 1827
M: 729
Comp: 8
T: HepatocyteT: Erythrocytes
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T: Neuronal cells

Hepatonet1
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R: 2539
M: 777
Comp: 8
T: Liver

EHMN

iAB-AMØ-1410

iYZ-HEA-301

G: 2322
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M: 2651
Comp: 8
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R: 3394
M: 1386
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G: 2322
R: 2824
M: 2715
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Model Name

Based on model

20092010201120122013 2008 2007

Manual
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G: number of  genes
R: number of  reactions
M: number of  unique metabolites
Comp: number of  compartments
T: Gen. (general) + number of  tissues

Recon1
G: 1496
R: 3744
M: 1509
Comp: 8
T: Gen.
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G: 336
R: 443
M: 186
Comp: 8
T: Kidney
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G: 931
R: 776
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Figure 5.1 Human genome-scale networks, overview, and chronology. Human genome-scale

networks evolution from 2007 to 2013. For each network, the number of genes, reactions,

unique metabolites (not taking into account compartments), and compartments are provided.

“T” specifies if the network corresponds to a tissue or the general organism (Gen.). If the authors

presented several tissue networks, the number of these networks is provided. Networks are

linked when one network was built based on a previous one.
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Constant improvement of network annotation allows improving network struc-

tures, implying more reliable bioinformatics analysis. To perform these computations,

it is necessary to have access to these networks in program-readable files via dedicated

exchange formats.

5.3.4 Exchange formats

Databases provide easy access to information, but they cannot be easily used directly

by bioinformatics programs. KEGG provides KGML files (requires a paid license

since 2012) for pathways. HumanCyc and all BioCyc databases have their own

formats for databases (PGDBs), but they require using Pathway Tools software

(Karp et al., 2011). Nevertheless, Pathway Tools software allows exporting in Systems

Biology Markup Language (SBML) format, which is now becoming the standard for

genome-scale metabolic networks.

SBML follows the markup language formalism, as do many resources on the web

(e.g. HTML files) (Hucka et al., 2003). This format allows both having human- and

computer-readable flat files. SBML, like all markup language structures, is hierarchi-

cally organised. The SBML document constitutes the root level, which contains four

subsections (see Figure 5.2 “network” inset). The first one describes the units used in

the network, the second contains the list of compartments, the third contains the list of

all metabolites, and the fourth provides the list of all reactions.

All metabolites, called “species” are referenced by an ID (see Figure 5.2

“Metabolite” inset). Note that, when metabolites are localised in several cellular com-

partments, a species is created for each localisation, resulting in several IDs for the

same metabolite (e.g. species in Figure 5.2 is located in cytoplasm). Other pieces

of information are provided, such as a standard name or compound charge status.

A “notes” section then allows the addition of miscellaneous information, such as

formula or InChI code. The drawback is that these “notes” are not standard and

may not be found in other networks. Finally, metabolite annotations can be added

by following semantic web (rdf) convention.

Reactions are also described by an ID, a standard name, and additional notes

(see Figure 5.2 “Reaction” inset). These notes often contain the pathways involving

the reaction (SUBSYSTEM), the EC number, the genes associated with the reaction,

the annotation confidence score, and sometimes external references such as Pubmed

identifiers. The “reaction” section then contains a list of reactants and a list of products

identified by species identifiers. Finally, kinetic and flux values can be set in a specific

subsection.

The advantage of this format is that it can be extended by redefining the structure

of the hierarchy (e.g. by adding a new subsection). The main drawback is that infor-

mation contained in the “notes” sections, which is important in systems biology (e.g.

gene identifiers), does not follow the same format in all networks.

Finally, web servers such as MetExplore (Cottret et al., 2010) or BIGG

(Schellenberger et al., 2010) are importing these files in databases that can then be

requested like other metabolic databases.
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5.4 Linking metabolomics data and metabolic network
elements

5.4.1 Metabolomics dataset

In this section and the following ones, we use an experiment performed by O’Sullivan

et al., 2011 as a benchmark. The aim of this work was to use untargeted metabolomics

in order to assess dietary intake patterns. Three distinct dietary patterns were charac-

terised in the study population on the basis of the relative contribution of different

Figure 5.2 Systems biology markup language (SBML) file structure. The “Network” inset

shows the overall hierarchical structure of the SBML file. The “Metabolite” inset describes the

information available for each metabolite (species), and the “Reaction” inset shows the data

structure for reactions.
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nutrient groups: two of them resembled healthy type diets (groups 1 and 2, with high

intakes of fruits, vegetables, fish, and wholegrain bread), whereas the other one dis-

played characteristics of a typical unhealthy diet (group 3, with high intakes of meat

products and white bread and low intakes of fruits and vegetables). Results show that

these three distinct dietary patterns were reflected in plasma and urine metabolomics,

with, for instance, higher plasma levels of some polyunsaturated and monounsaturated

fatty acids in the third group and higher urinary concentrations of glycine and pheny-

lacetylglutamine in the first group. In order to go further in the biological interpreta-

tion of these patterns, authors identified metabolites specifically linked to each dietary

group. They especially identified O-acetylcarnitine and phenylacetylglutamine as

potential biomarkers for red-meat and vegetable consumption levels, respectively.

Then they proposed a mechanistic interpretation of the metabolic pathways

potentially involved in these diet-induced changes in the metabolomic profiles. In this

section, we show howwe can use this list of metabolites (see first column of Table 5.2)

and the human metabolic network to automatically find the metabolic reactions

affected by these diet changes, and consequently, we raise similar conclusions.

5.4.2 Metabolite identifiers

Interpretingmetabolomics data in the context ofmetabolic networks first requires estab-

lishing a correspondence (mapping) between experimentally identified metabolites and

those in the network. For instance, glycine is referred to by the identifier “M_gly” in the

Recon2 metabolic network. Moreover, metabolic networks such as Recon2 contain

compartments, making it necessary to specify the localisation of the metabolite:

“M_gly_c” for glycine in cytoplasm. To facilitate reading, we focus on cytoplasm

metabolism in the following discussion and do not use the localisation suffix.

Network identifiers and experimentalist naming conventions are subjective and

often vary. In order to automatically cross-reference these identifiers, researchers

would need to develop a universal way to refer to a given metabolite. But even if sev-

eral identifiers are available, none is shared by all metabolic network databases. Some

of these identifiers are based on the chemical structure of the molecule (InChi, mol,

SMILES), and others are database-related identifiers (KEGG, BioCyc, HMDB,

Reactome; Croft et al., 2013). The network description sometimes contains possible

alternative identifiers, but as shown in Table 5.2, these cross-references are not always

available.

To overcome this mapping challenge, methods and services are developed in order

to provide ways to index the different identifiers corresponding to the samemetabolite

(e.g. Chemical Translation Service provided by Oliver Fiehn’s laboratory). But most

of them do not take into account network identifiers. To solve this issue, theMetaNetX

web server is using chemical information on molecules to build a synonym table

between databases and networks (Ganter et al., 2013). For a given compound, the

server retrieves related metabolites from HMDB, ChEBI, and PubChem databases

and from KEGG, MetaCyc, Seed, and BIGG genome-scale networks. Nevertheless,

not all human metabolic networks are available in this database. Finally, there is

no cross-link to nutrition-related databases such as FooDB.
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Table 5.2 Metabolites identified in metabolomics and corresponding identifiers in databases and models

Metabolite identifiers in

O’Sullivan et al. (2011) Recon2 HumanCyc KEGG Reactome Hepatonet1 EHMN

Glycine M_gly GLY C00037 114750 HC00045 C00037

O-Acetylcarnitine M_acrn O-Acetylcarnitine NF 390287 HC00966 C02571

Phenylacetylglutamine M_pheacgln CPD-1097 C04148 177152 NF NF

Acetoacetate M_acac 3-Ketobutyrate C00164 29666 HC00159 C00164

N, N-Dimethylglycine M_dmgly Dimethyl-glycine C01026 1614585 NF C01026

Trimethylamine oxide NF NF NF 140963 NF NF
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5.4.3 Metabolite mapping using exact masses

With the increase inmass spectrometer resolution, it is now possible to detect masses up

to a few parts per million (ppm). Hence, from one mass, it is now generally possible to

find one formula (Breitling et al., 2006a). This new technological improvement is used

to performmapping based on exact mass (Cottret et al., 2010;Wägele et al., 2012). Nev-

ertheless, exact-mass mapping has to be taken with care because it will not distinguish

isomers, such as sugars in the glycolysis pathway, and may result in false positive map-

pings. Fully automatic mapping based on identifiers or masses thus poses a challenging

problem, especially when dealing with several metabolic networks and several metabo-

lomics datasets. Even if tools are available to help build synonym tables, it is often nec-

essary to manually search good identifiers in the network by searching a database such

as HumanCyc or browsing the SBML file of the network. Given that genome-scale met-

abolic networks are used more and more often to interpret metabolomics data, reflec-

tions on identifiers are ongoing. These efforts will probably lead to a standardisation of

network descriptions that will be translated in the SBML file format structure.

5.5 Metabolism modelling, from pathways to network

5.5.1 Pathway analysis and its limitation in global approaches

Biomarkers may take part in several metabolic functions (pathways). A large variety

of tools are available that, when given a list of metabolites, retrieve a list of pathways

in which these metabolites are involved. If quantitative values are associated with

metabolites, it is then possible to perform pathway enrichment analysis (see Khatri

et al., 2012). This approach computes the statistical significance of each pathway

based on metabolomics data.

A convenient way to interpret data involves visualising metabolites in metabolic

pathway maps. KEGG and BioCyc provide tools for generating these kinds of repre-

sentations (Arakawa et al., 2005; Kanehisa et al., 2012; Paley and Karp, 2006).

Figures 5.3–5.5 show the results of this visualisation using the O’Sullivan dataset.

Figure 5.3 presents the KEGG visualisation in which the identified metabolites are

highlighted in red within the global map of all metabolic pathways and more specif-

ically within the “glycine, serine, and threonine metabolism” pathway (Figure 5.4).

KEGG provides generic maps for metabolic pathways. Organism-specific pathways

are shown by highlighting the annotated reactions in green to indicate pathways active

in the organism. For instance, Figure 5.4 shows green-highlighted reactions involved

in human glycine, serine, and threonine metabolism. Figure 5.5 shows a cellular over-

view diagram of human metabolic pathways, as described in HumanCyc. Contrary to

KEGG, this diagram only shows reactions that can occur in the human organism.

Highlighted nodes also correspond to biomarker metabolites. It should be noted that

there are more nodes highlighted than biomarkers in the O’Sullivan dataset. This dis-

crepancy is due to the fact that the representation used is a combination of all pathways

and a metabolite may occur in several of these pathways.
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Figure 5.3 Biomarker mapping in the KEGG Global Map. Biomarkers extracted from the O’Sullivan et al. (2011) article were mapped in the

overview diagram provided by KEGG for all metabolic pathways. Dots identified by arrows correspond to biomarkers.
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Figure 5.4 Biomarker mapping in the KEGG glycine, serine, and threonine metabolism map. Biomarkers extracted from the O’Sullivan et al. (2011)

article were mapped on the glycine, serine, and threonine metabolism pathway. Shaded reactions correspond to reactions that are catalysed by enzymes

with associated genes identified in the human genome. The two metabolites (circles) that are filled and identified by arrows correspond to biomarkers.
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Figure 5.5 Biomarker mapping in HumanCyc. Biomarkers extracted from the O’Sullivan et al. (2011) article were mapped on the HumanCyc

cellular overview diagram. This diagram gathers all metabolic pathways in the database. Shaded nodes correspond to biomarkers. Note that

there are many nodes highlighted because biomarkers appear in several metabolic pathways.
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In pathway-oriented visualisation approaches, such as those used with KEGG and

HumanCyc, it is difficult to get a complete picture of all the reactions that can con-

sume or produce a given compound. For instance, only some of the reactions involv-

ing glycine are depicted on KEGG pathway “glycine, serine, and threonine

metabolism” (central node on Figure 5.4), whereas the KEGG database connects this

compound to 34 pathways and potentially 61 reactions. Moreover, the other metab-

olites identified in the experiment are found in many other pathways. This exem-

plifies the limitation of pathway-oriented analysis for untargeted global studies.

We thus need a method that allows the detection of a process that spans several met-

abolic pathways. Networks will be the solution because they gather all metabolic

pathways into a single object.

5.5.2 Overview of metabolic modelling

The most faithful simulations of metabolism predict metabolite concentrations over

time. To do so, they must model the reaction kinetics and define the initial concen-

tration of each metabolite in the model. The definition of both parameters requires

time-consuming experiments and cannot be transposed from one organism to another.

Moreover, to simulate these models, it is necessary to solve large systems of ordinary

differential equations, which require time and computational resources. Hence, these

highly informative methods are only used on a small scale (few reactions and

metabolites).

The reaction kinetics are the main limitation to expanding models to genome-scale

networks because they allow changes in metabolite concentrations and require differ-

ential equations to be solved. Nevertheless, if metabolite concentrations are assumed

to be constant, then the problem can be stated as a set of linear equations. Each equa-

tion, which corresponds to the mass-balance equation of a metabolite, sums the con-

sumption and production rates of the given metabolite through all the implied

reactions, taking into account the stoichiometry. Under these steady-state constraints,

the full system can be solved using linear programming, even when dealing with

thousands of reactions. The computation provides a value for each reaction that

corresponds to its metabolic flux (conversion rate of metabolites through a reaction).

The steady-state assumption was introduced by Schuster and Schuster (1993) and first

used to identify all possible minimal metabolic functions (elementary modes) that a

biological system can perform at steady state (Schuster and Hilgetag, 1994; Schuster

et al., 2000). Metabolic network complexity and redundancy imply that millions of

elementary modes can be found for a network containing only 106 reactions and

89 metabolites, as with E. coli central carbon metabolism (Terzer and Stelling, 2008).

To lower the number of solutions, constraints are added based on the assumption

that metabolism is optimised to fulfil biological objectives such as growth. Methods

were developed to find feasible metabolic flux distributions that, at steady states, will

maximise these biological objective functions, while ensuring mass balance.

The usual biological objectives are maximisation of the biomass production rate

and maximisation of the energy production rate. These FBA methods were first used

in microbiology (Price et al., 2004; Schellenberger et al., 2011) and are now applied to
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solve human metabolism questions (Mo and Palsson, 2009). However, defining the

objective function is challenging because it is highly dependent on the studied organ-

ism. An additional way to lower the number of possible solutions is to predefine

boundaries on reaction fluxes (i.e. to set upper and lower limits for fluxes). All these

information elements are available in recently published networks, but they still need

to be tuned according to the organism, tissue, or cell line.

Another strong requirement is to define what occurs inside and outside the system. In

fact, only metabolites within the systemwill be constrained to be at steady state. From a

global perspective, the need to determine the reactions inside and outside a system

requires researchers to list all the exchange reactions and thus to have a clear view

of transporters, which are not evident when dealing with humans. These constraint-

based methods still require many parameters, and their prediction power is highly sen-

sitive to the quality of the network topology. Defining all these parameters is a challeng-

ing problem when dealing with human cells, and, as yet, such approaches have rarely

been applied for investigating the impact of the diet on metabolism. For these reasons,

we focus on a more descriptive approach based on graph modelling.

5.5.3 Graph-based modelling

A network is a structure in which elements (nodes) are connected by links (edges). The

mathematical formalism for this kind of objects is a graphmade of a set of nodes N and

edges E. This model has been used to solve everyday life problems since the eigh-

teenth century, when it was first used by Leonhard Euler to solve the Königsberg’s

Bridges problem (Euler, 1741). A large range of methods (algorithms) has been devel-

oped since Euler’s time to find information in large graphs, such as a minimal

sequence of edges connecting two nodes (shortest path problem). Many of these

methods have been successfully applied to biological networks at different scales:

organisms (e.g. food webs), cells (e.g. neural networks), molecular networks (e.g.

protein–protein interactions), and even intra-molecular networks (e.g. de novo assembly

of new-generation sequencing data).

The first challenge in graph modelling involves choosing which elements will be

mapped to nodes and what will be the links corresponding to edges. For metabolic

networks, several options are possible and will result in different graph types

(Cottret and Jourdan, 2010; Lacroix et al., 2008). Figure 5.6 displays examples of

different possible graphs built from the same initial list of reactions (panel 1). In a

metabolite graph, nodes correspond to metabolites, and two nodes are connected if

they are the substrate and product of the same reaction (see Figure 5.6, panels 2

and 3). Conversely, a reaction graph assigns reactions to nodes and connects two

reactions if at least one product of the first reaction is the substrate of the second

(see Figure 5.6, panels 4 and 5). The enzyme network follows the same definition

as the reaction network. A bipartite graph contains two kinds of nodes: reactions

and metabolites. The edges connect reaction nodes to the corresponding substrate

and product nodes (see Figure 5.6, panel 6). Finally, the hypergraph model contains

metabolite nodes and a reaction is modelled by a single hyperedge that connects all of

its substrate nodes to all of its product nodes.
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Figure 5.6 Metabolic graphmodels. Panel 1 presents a list of reactions extracted fromRecon2v01.

These reactionswere selected because, according to theO’Sullivan et al. (2011) article, theymaybe

involved in the metabolic response to changes in fruit and vegetable intakes. The following

abbreviations are used for metabolites: phe-L (L-phenylalanine), peamn (2-phenylethanaminium),

pacald (phenylacetaldehyde), pac (phenylacetate),COA(CoenzymeA), Ppi (diphosphate), phaccoa

(phenylacetyl-CoA),gln-L (L-glutamine),pheacgln (N(2)-phenylacetyl-L-glutamine).The following

abbreviations are used for reactions: PHYCBOXL (L-Phenylalanine carboxylase), PEAMNO

(Phenethylamine oxidase), r0545 (Phenylacetaldehyde: NADþ oxidoreductase), PACCOAL

(phenylacetate-CoA ligase), PHACCOAGLNAC (Phenylacetyl-CoA: L-glutamine alpha-

N-phenylacetyltransferase). The metabolites represented by dashed lines are considered to be

side compounds and used for filtering. Panel 2 shows the metabolite graph that accounts for

all reactions and metabolites. Panel 3 also presents a metabolite graph with all reactions, but this

graph does not account for side compounds. Panel 4 corresponds to a reaction graph with all

metabolites, and panel 5 presents a reaction graph built using a reaction list, without taking into

account side compounds. Finally, panel 6 shows a bipartite graph based on the filtered list of

metabolites.



Choosing the right graph model is important because, even if the list of reactions is

the same, it may end up producing different graph structures (Cottret and Jourdan,

2010; Lacroix et al., 2008). The reaction graph is often used to study the evolution

of metabolism (Lacroix et al., 2006). The metabolite graph is used to investigate

paths between metabolites (Antonov et al., 2009). The bipartite graph has the

advantage of providing an unbiased model of the network because it keeps the

information on substrates and products. However, this graph is more difficult to

handle from an algorithmic point of view because problems are then equivalent

to hypergraph problems. A way to maintain the bipartite-modelling level of informa-

tion, while avoiding these algorithmic problems, involves using the bipartite

graph and applying graph algorithms without taking into account the co-substrate

information.

Reversibility of reactions can be modelled using graph formalism. In that case,

graph is oriented by defining the source and target for edges (arcs). Given that

some reactions may be reversible and others may only occur in one direction,

the graph may contain both oriented and non-oriented edges. Reversibility of reac-

tions is strongly linked to environmental conditions. In fact, a reaction may occur

in one direction in a specific condition (e.g. microorganism growing on a specific

carbon source) and in another direction when external conditions change. Thus,

graph-orientation quality depends on the level of annotation of the metabolic

network.

A graph is well suited for understanding the overall structure (topology) of a net-

work. For instance it is possible to identify weak points (Albert et al., 2000) that may

have a strong impact on the metabolism of the organism when targeted by a drug.

The challenge is to translate the notion of the weak point into a local topological prop-

erty. To this end, the notion of the choke point was introduced in parasitology: these

nodes are the only reactions that produce or consume a metabolite. If they are

therapeutically inhibited, they induce accumulation or deprivation of a specific metab-

olite, resulting in potentially lethal impacts on parasite metabolism (Rahman and

Schomburg, 2006).

One of the main issues when developing algorithms for metabolic graphs is the

presence of ubiquitous compounds, such as water, that are involved in many reactions.

Because they are connected by many edges (high degree), these ubiquitous com-

pounds may be selected by graph algorithms as interesting elements, although they

are not relevant from a biological point of view. For example, Figure 5.6 (panel 2)

shows a metabolite graph that accounts for side compounds, while Figure 5.6 (panel

3) shows a graph built without them. It is obvious that the linear structure underlying

this pathway is better shown after filtering. Note that, as shown by Figure 5.6 (panels 4

and 5), filtering also has impacts on the reaction graph. The challenge is then to filter

these artificial hubs before performing computations (Cottret and Jourdan, 2010). This

filtering can be done by automatically removing nodes with the highest degrees or by

using a database of known ubiquitous compounds. Tools such as MetExplore (Cottret

et al., 2010) also allow manual definition of these lists and the creation of resulting

graphs. Another solution consists of avoiding these nodes during computation, as

shown in the next section for path-search algorithms.
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5.6 Subnetwork extraction between identified
metabolites

5.6.1 Finding reaction paths between biomarkers

As stated earlier, metabolomics identifies metabolites that may occur in different parts

of the network. Moreover, because networks contain thousands of elements, it is not

possible to visually retrieve the cascade of reactions connecting these nodes (see

Figure 5.7). It is thus necessary to develop algorithms that automatically extract a

subset of reactions that creates a subnetwork connecting the interesting metabolites.

A large variety of methods can be used to perform this subnetwork extraction

(Faust and Van Helden, 2012; Milreu et al., 2014). The common idea is to retrieve

paths between elements of interest. In metabolomics we focus on paths between

metabolites. Nevertheless, these methods can also be applied to reactions and even

to other kinds of biological networks. A metabolic path p (u,v) between two metab-

olites u and v is defined as the set of nodes that have to be traversed to go from u to v.
Given that the graph is directed, paths p (u,v) and p (v,u) may be different, and thus,

they must both be accounted for in our computation. It is possible to add weight to

each node or edge belonging to the path. Then we can decide to select paths with

the lightest weight (lightest path). This option was successfully used to avoid unreal-

istic paths going through water or other side compounds. These nodes are given an

heavy weight, meaning that the algorithm avoids them during the computation

(Croes et al., 2005). This approach can be improved by incorporating the information

on molecular function group transfers between substrates and products of reactions, as

Figure 5.7 Biomarker mapping in a human genome-scale metabolic network. The bipartite

graph without side compounds was built based on Recon2 v01. Larger shaded nodes are

biomarkers identified in the O’Sullivan et al. (2011) article. The right inset shows a zoom-in

view of the network. The selected node (large node marked X) is glycine metabolite. All edges

connected to glycine correspond to reactions that can consume or produce this metabolite.
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described by Faust et al. using KEGG RPAIR data (Faust et al., 2009). Unfortunately,

this last information is not available in all networks. For instance, it is currently not

available for the Recon2 network.

The type of graph model used is also important. In fact, with the bipartite graph,

each reversible reaction is split by creating new reaction nodes. One node models the

reaction in one direction, and the other models the reaction going in the opposite direc-

tion. This process has the advantage of taking into account the reversibility of reac-

tions. Nevertheless, a path may go through a reaction in one direction and then through

it again in the opposite one, creating unwanted cycles. To avoid this situation, it is

necessary to add a checking step in the algorithm for the bipartite graph, which is

not the case for the metabolite graph for instance.

Once the directed paths are computed between each pair of biomarkers, they are all

merged in a single subnetwork. The size of this subnetwork is strongly related with the

size of the input list of biomarkers. In fact, a large number of biomarkers will induce a

lot of paths that may cover most of the reactions of the original network. To overcome

this issue, Antonov et al. (2009) proposed using a threshold on maximum path length.

This threshold is increased one by one, and a subnetwork is computed at each step. The

final, selected subnetwork is the minimal network that connects all the biomarkers.

The quality of a subnetwork can be evaluated by testing the null hypothesis, or

estimating the probability of obtaining this resulting subnetwork or a subnetwork

of similar quality from a random set of biomarkers (Antonov et al., 2009). Never-

theless, because this approach is mainly used for a small set of biomarkers, a manual

inspection of results is still possible (Jourdan et al., 2010).

5.6.2 Retrieving and improving a biological interpretation
of biomarkers

O’Sullivan et al. (2011) have identified potential metabolomic biomarkers of specific

dietary intakes. For instance, they reported a positive association between urinary

phenylacetylglutamine concentration and vegetable intake. Although this work was

done mainly with a fingerprinting objective, the authors provide an interpretation

of the significant changes in phenylacetylglutamine concentration observed in bio-

fluids. Figure 5.8(b) shows this interpretation. Based on the list of biomarkers quoted

in the article, a subnetwork was extracted from Recon2, using the MetExplore web

server (Cottret et al., 2010). The first step consisted of mapping the metabolite bio-

markers on the network. Phenylacetate was added to the search list of metabolites

because it was considered to be an intake metabolite coming mainly from plant food

sources. We focused on Recon2 cytoplasm metabolism and filtered out ubiquitous

metabolites (water, carbon dioxide, ammonium, etc.). The network was imported into

Cytoscape visualisation software (Shannon et al., 2003), and finally, via a plugin we

implemented in Cytoscape, we created the subnetwork. The automatic outcome of the

computation is displayed in Figure 5.8(c). The algorithm used computes the lightest

paths between each pair of biomarkers. It is applied on the bipartite graph and avoids

cycles within a path. The zoom-in box in Figure 5.8(c) shows that we come to the same
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conclusion as the one raised in the article. But, in addition, potential metabolic con-

nections are retrieved using the algorithm because it connects all the biomarkers into a

single subnetwork.

5.6.3 Metabolic stories

Many alternative paths with the same weight may connect two metabolites. Moreover,

given twometabolites such as glucose and pyruvate, it may be important to distinguish

the subnetwork going from glucose to pyruvate (glycolysis) and the one going from

pyruvate to glucose (gluconeogenesis). This notion was recently formalised in the so-

called metabolic stories (Milreu et al., 2014) that search for subnetworks without

cycles (there is no path traversing a node twice) and with sources and targets that

are interesting compounds. A large number of stories are generated from a given

set of compounds. These stories must then be classified in order to exhibit biological

trends related to the input biomarkers. This part is still an ongoing research topic. Yet,

work with a metabolomics dataset extracted from a study by Madalinski et al. (2008)

has shown that metabolic stories can help find new insights on metabolite shifts

induced by toxicological agents like cadmium metal.

Both path-based subnetwork extraction and metabolic stories only rely on the

graph structure of the metabolic network, however. They do not take into account

the stoichiometry of reactions between biomarkers along the paths. Stoichiometry

and weight optimisation along paths (i.e. based on energy consumption) are two future

research directions in this field. Advances in these areas will allow the reduction of the

number of possible subnetworks, while finding more biologically relevant ones.

5.6.4 Usage in metabolomics and other multi-omics analysis

No spectrometry solution allows the simultaneous detection of all metabolites in a

sample. Moreover, data-processing tools can discard some detected metabolites if

their concentrations are too low (i.e. due to a quick turnover). A subnetwork is a

way to identify metabolites that may be hidden in the background noise of raw data.

In Jourdan et al. (2010), we showed that metabolomics data processing can be

improved by using this approach. We applied the subnetwork approach to hepatic cell

lines (HepG2) processed using high-resolution mass spectrometry, and this method

helped to identify metabolites under the noise-intensity threshold. In a more system-

atic way, network structure can also be used to identify and classify metabolites with

the same molecular weight (Rogers et al., 2009).

Because networks contain the information linking reactions to proteins and then to

genes, we can use them for multi-omics data interpretation. In particular, subnetwork

extraction based on metabolomics data may point out reactions of interest between

biomarkers. Searching omics databases and bibliographies can then enhance the

interpretation.
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5.7 Conclusion and future directions

Metabolism can now be investigated on a global scale using both experimental and

in silico approaches. One of the main remaining challenges is the faithful reconstruc-

tion of genome-scale metabolic networks, however. Research groups have formed to

create genome-scale networks for humans, and some efforts are currently aimed at

extracting subnetworks for different tissues and cell lines. All these improvements

in reconstruction will lead to better interpretation of biological experimental data.

Metabolismmodelling can range from low-scale dynamic simulation to large-scale

descriptive approaches. The large-scale approaches, which employ graph models, are

quite useful for handling global metabolomics data. In fact, they allow identification

of metabolic shifts between different experimental conditions without any a priori

knowledge. Before performing this large-scale interpretation, one must map identified

metabolites in the network structure. This is a challenging problem because of the lack

of metabolite identifier standards in the modelling community. Moreover, metabolic

networks, and consequently metabolic graphs, contain thousands of interconnected

elements, so that visual inspection of the data is not directly possible. The main solu-

tion proposed here consists in extracting subnetworks that connect the identified bio-

markers. In a metabolomics dietary experiment, we have shown that this whole

analysis pipeline can be used to automatically interpret data. In the experiment, we

were able to retrieve the metabolic processes suggested by other authors and to com-

plete this interpretation by adding other potentially involved reactions.

Finally, metabolic networks constitute a relevant framework for the simultaneous

interpretation of multi-omics data because they maintain a link between genes, pro-

teins, reactions, and metabolites. While graph modelling is mainly a descriptive

approach, human genome-scale network modelling is now evolving towards more

predictive methods based on constraint-based modelling. These approaches will be

particularly useful in the field of nutrition because they will allow the association

of genetic trends or perturbations with biomarkers in biofluids. Nevertheless,

researchers will still need to adequately define the constraints on the network.

Metabolic networks have now been built for many microorganisms, and they can also

be reconstructed based on the metagenome. One potential future direction will be to

model the interplay between gut microflora and human metabolism. This research

could provide a relevant framework to interpret diet impacts and metabolism.
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Shatkay, H., Höglund, A., Brady, S., Blum, T., Dönnes, P., Kohlbacher, O., 2007. SherLoc:

high-accuracy prediction of protein subcellular localization by integrating text and protein

sequence data. Bioinformatics 23, 1410–1417.
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Bölling, C., Bordel, S., Chavali, A.K., Dobson, P., Dunn, W.B., Endler, L., Hala, D.,

Hucka, M., Hull, D., Jameson, D., Jamshidi, N., Jonsson, J.J., Juty, N., Keating, S.,

Nookaew, I., Le Novère, N., Malys, N., Mazein, A., Papin, J.A., Price, N.D.,

Selkov, E., Sigurdsson, M.I., Simeonidis, E., Sonnenschein, N., Smallbone, K.,

Sorokin, A., Van Beek, J.H.G.M., Weichart, D., Goryanin, I., Nielsen, J.,

Westerhoff, H.V., Kell, D.B., Mendes, P., Palsson, B.�., 2013. A community-driven

global reconstruction of human metabolism. Nat. Biotechnol. 31, 419–425.

Vlassis, N., Pacheco, M.P., Sauter, T., 2014. Fast reconstruction of compact context-specific

metabolic network models. PLoS Comput. Biol. 10, e1003424.

Vo, T.D., Paul Lee, W.N., Palsson, B.�., 2007. Systems analysis of energy metabolism eluci-

dates the affected respiratory chain complex in Leigh’s syndrome. Mol. Genet. Metab.

91, 15–22.
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6Using metabolomics to analyse the

role of gut microbiota in nutrition

and disease

G. Xie, W. Jia
University of Hawaii Cancer Center, Honolulu, HI, USA

6.1 Introduction: gut microbiota and human health

6.1.1 Gut microbiota: an extragenome organ in the human host

Evidence has increasingly revealed that the gut microbiota is involved in the regula-

tion of multiple mammalian metabolic pathways through a series of interactive gut

microbiota–host metabolic, signalling, and immune–inflammatory axes that physio-

logically connect the gut, liver, brain, and other organs. The human microbiota

contains as many as 1014 bacterial cells, a number that is 10 times greater than all

of the eukaryotic cells of the host combined (Musso et al., 2011). The microbiome

exceeds the size of the human nuclear genome by two orders of magnitude and con-

tributes to a broad range of biochemical and metabolic functions that the host could

not otherwise perform (Ley et al., 2008). Therefore, humans are considered to be a

“superorganism” (Wilson and Sober, 1989), and the gut microbiota can be regarded

as an extragenome organ in the human host. The microbiota colonises virtually every

surface of the human body that is exposed to the external environment, including

the skin, oral cavity, and genitourinary, gastrointestinal, and respiratory tracts

(Chiller et al., 2001; Hull and Chow, 2007; Neish, 2009; Verstraelen, 2008). By

far, the most densely colonised organ is the gastrointestinal (GI) tract, particularly

the colon, with an estimated percentage of over 70% of all the microbes in the human

body (Ley et al., 2006a; Verstraelen, 2008).

The GI tract is a complex and dynamic ecosystem containing a diverse collection of

microorganisms. These microorganisms are either resident members of the intestinal

microbiota or transient passengers introduced from the environment, for example, by

the regular influx of microorganisms by the intake of food (Gerritsen et al., 2011). The

majority of the gut microbiota is composed of strict anaerobes, which dominate the

facultative anaerobes and aerobes by two to three orders of magnitude (Gordon

and Dubos, 1970; Harris et al., 1976; Savage, 1970). Although there have been over

70 bacterial phyla described to date (Marchesi, 2010), both culture-dependent and

culture-independent studies have demonstrated that the majority of the intestinal bac-

teria belong to two phyla, the Bacteroidetes and the Firmicutes, whereas Proteobac-

teria, Verrucomicrobia, Actinobacteria, Fusobacteria, and Cyanobacteria are present

in minor proportions (Eckburg et al., 2005). The generally accepted number of
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bacterial species present in the human gut is �500–1000 (Xu and Gordon, 2003),

although the number varies widely between different studies. However, a recent anal-

ysis involving multiple subjects suggested that the collective human gut microbiota is

composed of over 35,000 bacterial species (Frank et al., 2007).

Host physiology and gut microbiota are intimately connected, which is evident

from the fact that each distinct anatomical region along the GI tract is characterised

by its own physicochemical conditions, and these changing conditions exert a selec-

tive pressure on the microbiota. The composition of gut microbiota is influenced by

several physicochemical conditions including intestinal motility, pH, redox potential,

nutrient supplies, host secretions (e.g. hydrochloric acid, digestive enzymes, bile, and

mucus), and the presence of an intact ileocaecal valve (Booijink et al., 2007). Thus, the

GI tract harbours many distinct regions, each containing a different microbial ecosys-

tem that varies according to the location within the GI tract. The number of bacterial

cells present in the mammalian gut shows a continuum that goes from 101 to 103 bac-

teria per gram of contents in the stomach and duodenum, progressing to 104 to 107

bacteria per gram in the jejunum and ileum and culminating in 1011 to 1012 cells

per gram in the colon and faces (Booijink et al., 2007; Dethlefsen et al., 2006;

O’Hara and Shanahan, 2006). Despite the fact that it is well known that the intestinal

microbiota is not homogeneously distributed within the GI tract, it is still largely

unknown how the diversity varies in the different regions along the GI tract.

6.1.2 The relationships between changes in gut microbiota
composition and diversity and disease

GI homeostasis relies on a stable immune system, good intestinal mucosal barrier

function, and a balanced gut microbial ecosystem. Alteration or instability of the

gut microbiota and changes in its biodiversity are characteristic of a number of GI

disorders and metabolic diseases (Aziz et al., 2013). The consortium of symbiotic

gut microbes can be viewed as a metabolically adaptable, rapidly renewable, and com-

positionally flexible ecosystem varying with the host’s age, diet, and health status

(Gordon, 2012; Nicholson et al., 2005a). Unlike its host’s genome, the collective

genome of the microbiota can dynamically change the configuration of its compo-

nents to adapt to the needs of its individual constituents, of the community as a whole,

and of the host, whose environment varies widely in response to factors such as dietary

nutrients, illness, and antibiotic use. The lifelong metabolic communication between

the gut microbiota and the mammalian host is accompanied with many channels of

chemical information exchange operating between various microbial players and

pathways in multiple host tissue compartments (Nicholson et al., 2012). Both

system-wide and organ-specific changes in metabolic profiles may have components

driven by gut microbial activities (Nicholson et al., 2005a; Zheng et al., 2011).

As a result, the metabolic processes encompass not only the indigenous metabolic

processes encoded by the human genome but also those of the gut microbiome.

Humans cannot survive without these commensal microorganisms, as they interact

extensively with the hosts by modulating the metabolism (Nicholson et al., 2005b),
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immunity (Kelly et al., 2007), energy harvest (Turnbaugh et al., 2006) and fat storage

(Backhed et al., 2004). Perturbation of the microbiota composition, also known as

dysbiosis, has been recognised in various diseases such as obesity (Ley, 2010; Ley

et al., 2006b), diabetes (Brugman et al., 2006; Turnbaugh et al., 2006), inflammatory

bowel disease (IBD) (Mahida and Rolfe, 2004; Peterson et al., 2008), gastrointestinal

cancers (Huycke and Gaskins, 2004; Mahida and Rolfe, 2004), and infectious diseases

(Lupp et al., 2007; Sekirov et al., 2008), of which many are associated with the GI

tract. However, before dysbiosis can be established, the composition of a healthy nor-

mal microbiota has to be defined. From an operational point of view, it could be stated

that a healthy gut microbiota is the microbiota composition as it can be found in

healthy individuals. For practical reasons, the phylogenetic characterisation of the

microbiota of diseased individuals in comparison with apparently healthy individuals

is, at this moment, the main approach to study changes in composition of the gut

microbiota in relation to disease. However, since there are substantial inter-individual

and intra-individual variations in the composition of the gut microbiota, it is difficult

to establish the precise relations between human health and the presence and relative

abundance of specific microbial communities. In the future, specific changes in

compositional diversity, or even functional diversity, may be applied as biomarkers

for health or specific diseases. It must be noted, however, that it is questionable

whether changes in phylogenetic composition are really cause or consequence of a

given disease. Intensively studied examples for which dysbiosis of the intestinal

microbiota has been described include IBD, irritable bowel syndrome (IBS), obesity,

and several other (chronic) diseases and disorders such as coeliac disease, colorectal

cancer (CRC), pouchitis, and necrotising enterocolitis (Table 6.1).

6.2 Metagenomics of gut microbiota

The extent of diversity of the microbiota is a fundamental question in intestinal micro-

bial ecology. The 10-metre long human intestinal tract was like a dark tunnel. Some

light had been shed on it by culturing bacteria from the faeces, but the darkness was

overwhelming. Cultivation-based techniques traditionally were used to study GI bac-

teria. However, cultivation-based approaches have several limitations (Pandeya et al.,

2012) because metagenomic studies demonstrated that about 65% of the bacteria

identified in the intestinal microbiota were previously unknown, and among them,

80% were unculturable (Turnbaugh et al., 2009). The molecular basis underlying

the mutual relationships remains poorly understood partly due to the fact that

70–90% of the bacteria are difficult, or sometimes impossible, to cultivate in the

laboratory, although the crucial roles of commensal microbes in human health and

disease are being increasingly recognised. Even if the mammalian gut microbiota

is one of the most densely populated microbial ecosystems in nature, sequence-based

analysis demonstrated that it is characterised by a peculiarly low phylogenetic diver-

sity. Metagenomics, the culture-independent and sequencing-based studies of the

collective set of genomes of mixed microbial communities (metagenomes), aimed

to explore their compositional and functional characteristics (Petrosino et al., 2009)

Using metabolomics to analyse the role of gut microbiota in nutrition and disease 117



Table 6.1 Overview of human studies that demonstrate changes in
the gut microbiota associated with diseases

Study

material Key findings

Changes in microbiota

presence/function References

Allergies

Colon tissue Lactobacillus spp. # Early colonisation with

Lactobacillus associated
with decreased allergies

Round et al.

(2011)

Faeces Bifidobacterium
adolescentis #

Early colonisation with

more diverse microbiota,

might prevent allergies

Round and

Mazmanian

(2009)Clostridium difficile #
Cell Helicobacter pylori # H. pylori tolerance

mediated by Tregs

(regulatory T cells) that

suppress asthma

Arnold et al.

(2011)

Coeliac disease

Faeces Bacteroides vulgatus " Higher diversity

(Shannon-Wiener index)

in Coeliac disease patients

versus controls

Elinav et al.

(2011)Escherichia coli #
Clostridium coccoides #

Faeces Bacteroides–Prevotella " De Palma et al.

(2010), Schippa

et al. (2010)

Faeces Bifidobacterium # De Palma et al.

(2010)Clostridium
histolyticum #
C. lituseburense #
F. prausnitzii #

Gastric cancer

T cells H. pylori " Important element in

carcinogenic pathway for

developing gastric

adenocarcinomas

Lathrop et al.

(2011)

Autism

Faeces Bacteroidetes " Increased bacterial

diversity in faeces of

autistic children compared

to controls

Robinson et al.

(2010)Proteobacteria "
Actinobacteria #
Firmicutes #

Obesity

Faeces Bacteriodetes # Obese individuals

compared with lean

Ley et al.

(2006b)Firmicutes "
Faeces Roseburia # Obese individuals on diet

of decreased carbohydrate

intake

Duncan et al.

(2007)Eubacterium rectale
subgroup of cluster XIVa #
Bifidobacteria #

Continued



Table 6.1 Continued

Study

material Key findings

Changes in microbiota

presence/function References

Faeces Bacteroides " Overweight pregnant

women

Collado et al.

(2008)Clostridium "
Staphylococcus #

Faeces Bacteriodetes $ During weight-loss diet Duncan et al.

(2008)Butyrate-producing

Firmicutes #
Faeces Bifidobacteria # Intestinal microbiota

during infancy preceding

overweight during

childhood

Kalliomaki et al.

(2008)Staphylococcus aureus "

Faeces Bacteriodetes " Obese individuals

compared with lean

Schwiertz et al.

(2010)Firmicutes #
Faeces Bifidobacterium # Overweight pregnant

women

Santacruz et al.

(2010)Bacteroides #
Staphylococcus "
Enterobacteriaceae "
E. coli "

Faeces H2-producing

Prevotellaceae "
Obese individuals Zhang et al.

(2009)

H2-utilising

methanogenic Archaea "
Caecum

content

Bacteroidetes # Significant changes in gut

microbiota are associated

with increasing obesity

Ley et al. (2005),

Pflughoeft and

Versalovic

(2012)

Lactobacillus "

Firmicutes/Bacteroidetes

ratio #
Ley et al. (2005)

Methanobrevibacter
smithii #

Turnbaugh et al.

(2009b)

Anorexia

Faeces M. smithii " Bacteroidetes, Firmicutes,

and Lactobacillus similar

to lean patients, though

M. smithii significantly
increased

Armougom et al.

(2009),

Pflughoeft and

Versalovic

(2012)

IBS

Duodenal

mucosal

brush and

faecal

samples

P. aeruginosa " P. aeruginosa is detected

more frequently and at

higher levels in IBS

patients than in healthy

subjects

Kerckhoffs et al.

(2011)

Continued



Table 6.1 Continued

Study

material Key findings

Changes in microbiota

presence/function References

Faeces Veillonella "
Lactobacillus "

Altered profiles of

intestinal microbiota may

be the origin of symptoms

in irritable bowel

syndrome

Tana et al.

(2010)

Faeces Aerobic bacteria #
Lactobacillus species "

Quantitative differences

exist in specific bacterial

groups in the microbiota

between D-IBS and

healthy subjects

Carroll et al.

(2010)

Faeces Lactobacillus spp. #
Veillonella spp. "

Suggested differences in

the C. coccoides subgroup
and Bifidobacterium
catenulatum group

between IBS patients

(n¼21) and controls

(n¼15)

Malinen et al.

(2005)

IBD—Crohn’s disease

Faeces Bacteroides ovatus " Less diversity in patients

with Crohn’s disease

compared to healthy

patients

Dicksved et al.

(2008)Bacteroides vulgatus "
Bacteroides uniformis #

Faeces Dialister invisus " A set of five bacterial

species that characterised

the predominant dysbiosis

in CD patients compared

with unaffected relatives

and healthy individuals

Joossens et al.

(2011)Clostridium cluster

XIVa $
Faecalibacterium
prausnitzii $
B. adolescentis $
Ruminococcus gnavus #

IBD (General)

Serum stool Bacteroidetes # IBD associated with

overall community

dysbiosis rather than

single causal bacterial

species

Spor et al.

(2011), Perry

et al. (2006)

Lachnospiraceae #
Actinobacteria "
Proteobacteria "
Clostridium leptum #
C. coccoides #
Faecalibacterium
prasnitzii #
Firmicutes/Bacteroidetes

ratio #
Bifidobacteria #

Continued



without the need of cultivation. While in the last decade Sanger sequencing was used

to generate data in most microbial genomics and metagenomics sequencing projects,

next-generation sequencing technologies have been widely used to study the complex

microbial ecosystem populating the GI tract. Next-generation sequencing phyloge-

netic analysis of the gut microbiota is based on the amplification of selected target

Table 6.1 Continued

Study

material Key findings

Changes in microbiota

presence/function References

Type 2 diabetes

Faeces Firmicutes # Shifts in gut microbiota

associated with increases

in plasma glucose

concentrations

Brown (2000)

Clostridia #
Bacteroides–Prevotella "
versus C. coccoides–E.
rectale #
Betaproteobacteria "
Bacteroidetes/Firmicutes

ratio "
Colorectal cancer

Colonic

mucosa

Proteobacteria " Cases had higher bacterial

diversity and richness than

controls

Shen et al.

(2010)Bacteroidetes #
Dorea spp. "
Faecalibacterium spp. "
Bacteroides spp. #
Coprococcus spp. #

Ulcerative colitis pouchitis

Mucocal

and faecal

Clostridium " Compared with the

microbiota of healthy

pouches from familial

adenomatous polyposis

(FAP) patients

Lim et al.

(2009), Zella

et al. (2011)

Eubacterium "
Lactobacillus #
Streptococcus #

Rheumatoid arthritis

Colonic

mucosa

Bifidobacteria # Comparison to patients

with fibromyalgia

Vaahtovuo et al.

(2008)Bacteria of the

Bacteroides–Prevotella
group #
Bacteria of the

Bacteroides fragilis
subgroup #
Bacteria of the E.
rectale–C. coccoides
group #

Source: Clemente et al. (2012).
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regions of the 16S rRNA genes and two main platforms have been developed for next-

generation sequencing studies: the Genome Sequencer FLX+ System (454 Life Sci-

ences) and the Genome Analyzer system (Illumina). It was reported that culture-

independent 18S rRNA gene-based methods have been used, demonstrating that

the genera Blastocystis and Ascomycotawere the predominant microeukaryotes popu-

lating the intestinal ecosystem (Marchesi, 2010). A study on the virome with

next-generation sequencing approach (Reyes et al., 2010) was performed on the col-

lective metagenome of virus-like particles isolated from human faecal samples, which

demonstrated that 81% of reads generated in this study did not match any known

viruses, and that the human virome consists of prophages or phages generally classi-

fied as temperate (i.e. coliphage P22-like), commonly hosted by Firmicutes and Bac-

teroidetes members.

Bacterial small-subunit rRNA (16S rRNA) gene sequencing, quantitative PCR

coupled to denaturing gradient gel electrophoresis (DGGE) (Muyzer et al., 1993),

and fluorescent in situ hybridisation (FISH) (Amann et al., 1991) have proven to be

robust techniques for characterising the gut microbial community, with regards to

bacterial population and species diversity in their native environment of growth and

development. Out of the 70 phyla described to date, next-generation sequencing-based

survey indicated that 6–10 is the number of bacterial phyla per individual represented

in the gut microbiota: Acidobacteria, Actinobacteria, Bacteroidetes, Firmicutes,

Fusobacteria, Lentisphaerae, Proteobacteria, candidate division TM7, Verrucomicro-

bia, and Deinococcus–Thermus (Figure 6.1a) (Candela et al., 2010; Marchesi, 2010).

Among these, Firmicutes and Bacteroidetes represent up to 90% of the intestinal

microbiota, with a relative abundance of approximately 65% and 25%, respectively.

One single archaeal phylotype,Methanobrevibacter smithii, has been observed in the
GI tract. On the other hand, a great diversity at lower taxonomic levels and a consid-

erable inter-individual variability in the bacterial species and strains have been

described, with at least 1800 genera and 16,000 phylotypes (Peterson et al., 2008).

Alphaproteobacteria
Betaproteobacteria

Epsilonproteobacteria

Deltaproteobacteria

Fusobacteria

Spirochaetes

Bacteroidetes

Lentisphaerae

Verrucomicrobia

FirmicutesActinobacteria

Cyanobacteria

Tm7
Desulfothiovibrio

Euryarchaeota

Gammaproteobacteria

EukaryaCyanobacteria

(a) (b)

Bacteroidetes

Firmicutes

Actinobacteria

Euryarchaeota

Proteobacteria

Verrucomicrobia

Fusobacteria

Figure 6.1 (a) Relative proportion of the phylotypes belonging to the eight main bacterial

divisions which have been found in the human gut microbiota, out of the over 70 globally known

(Candela et al., 2010). (b) Phylogenetic tree representing the groups of bacteria most frequently

detected in human faces using 16S rRNA gene sequencing. The extent of the bold areas

indicates diversity and abundance of the bacterial groups. The phylogenetic tree is reported by

Vrieze et al. (2010).
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Interestingly, 70% of these phylotypes are subject specific, none of which is present at

more than about 0.5% abundance in all subjects (Figure 6.1b).

Metabolic profiling approach has been proved to be a powerful tool for detecting

various metabolites originating from microorganisms that are commonly found in

mammals. Microbial community structure can also be analysed by fingerprinting

techniques, whereas dot-blot hybridisation, FISH, or quantitative PCR that targets

known taxa can measure the abundance of particular microbes (Pandeya et al.,

2012). Emerging approaches, such as those based on functional genes and their

expression and the combined use of stable isotopes and biomarkers, are also being

developed and optimised to study metabolic activities of groups or individual organ-

isms in situ. Functional metagenomics, the studies of gut microbiota interactions with

metabolic phenotypes, are now possible through the use of 1H-nuclear magnetic res-

onance (NMR) spectroscopy and mass spectrometry (MS)-based profiling of faecal,

urine, or other extracts.

Besides for generating the composition data, the metagenomics approach also

provides a powerful tool for measuring the metabolic potential of the gut microbiota.

The gut microbiome enlarges the genome of the host and enhances the host’s meta-

bolic potential (Possemiers et al., 2009). Indeed, it is estimated that the collection of

all microbial genomes in the gut comprises between 2 and 4 million genes, which is

70–140 times more than that of their host (Qin et al., 2010). This microbiome

encompasses all genes that are responsible for numerous processes such as substrate

breakdown, protein synthesis, biomass production, and signalling molecule and anti-

microbial compound production, and it encodes biochemical pathways that humans

have not evolved (Egert et al., 2006).

The intestinal microbiota can therefore be regarded as a separate organ within the

human host that is capable of even more conversions than the human liver, and we

can view ourselves as a composite of human cells and bacteria and our genetic land-

scape as a “metagenome”, an amalgam of genes embedded in our genome and in the

genomes of all our microbial partners (Turnbaugh et al., 2007). Through its immense

metabolic capabilities, the gut microbiota contributes to human physiology by trans-

forming complex nutrients, such as dietary fibre or intestinal mucins that otherwise

would be lost to the human host, into simple sugars, short-chain fatty acids (SCFAs),

and other nutrients that can be absorbed (Mai et al., 2010). Over the past few years,

studies have demonstrated that the gut microbes are required for many of the host’s

important metabolic processes, including lipid (Fava et al., 2006), choline (Spencer

et al., 2011), and bile acid (Jones et al., 2008) metabolism. Gut microbiota–host

co-metabolism also produces SCFAs as an energy source for the host, as well as sub-

strates needed for de novo lipogenesis (Han et al., 2010). Therefore, the microbiome

has become a nutritional target that may also become the foundation of future drug

targeting and interventions (Jia et al., 2008; Nicholson et al., 2012).

In contrast to the oxidative and conjugative nature of liver metabolism, which gen-

erates hydrophilic high-molecular-weight biotransformation products, the metabolic

nature of the gutmicrobial community in an anaerobic environment is mainly reductive

and hydrolytic, generating non-polar low-molecular-weight by-products (Sousa et al.,

2008). Additionally, the intestinal microbiota also interferes with the human biotrans-

formation process through the enterohepatic circulation of xenobiotic compounds.
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Compounds that have been absorbed in the intestine and subsequently detoxified are

usually conjugated with polar groups (glucuronic acid, glycine, sulphate, glutathione,

and taurine) in the epithelium or liver. Such metabolites may enter the blood stream

prior to excretion in the urine, but depending on the compound, a considerable fraction

may also enter again into the intestine via secretionwith the bile (Ilett et al., 1990). Once

released in the intestinal lumen, these conjugates may be hydrolysed again by bacterial

enzymes such as b-glucuronidases, sulphatases, and glucosidases.

6.3 Metabolomics: uncovering complex host–microbe
interactions

Recent research has disclosed tight and coordinated interactions between gut microbes

and host metabolism (Holmes et al., 2012; Nicholson et al., 2012), and it is well known

that there is great symbiosis between the human host and its gut microbiota. Modu-

lation of the gut microbiota composition has potential effects on health improvement

or even disease prevention (Moco et al., 2012). Therefore, it is of utmost importance to

obtain a greater understanding and characterisation of the interactive processes

between the host and its microbiome. Diversity in gut microbial communities and

functions creates differences in nutrient milieu, digesta retention times, and temper-

atures that create diverse microbial niches and inhabitants. With the recent advances

in the new profiling technologies such as metagenomics and metabolomics (Metges

et al., 2006; Pang et al., 2007), the direct correlation of global metabolic changes with

gut microbiome becomes increasingly important to decipher the host–microbe rela-

tionships and to gain mechanistic understanding of nutritional and drug intervention

in the “gateway” of host–microbe co-metabolism. Scientists from different disciplines

are working together and beginning to determine the details of gut microbial diversity

and manipulate the complex interactions between the host metabolism and its symbi-

onts for improved nutrition and disease treatment (Li et al., 2008b; Pang et al., 2007;

Wei et al., 2010). A recent review (Nicholson et al., 2012) on host–gut microbiota

metabolic interactions describes in detail the symbiotic signalling interactions of

necessity changes during human development, which are in line with changes in

the developing microbial ecology and diverse gut microbiome structure. Some of

the main chemical classes involved in the host microbiome are provided

(Nicholson et al., 2012) including SCFAs, bile acids, choline metabolites, indole

derivatives, phenolic derivatives, benzoyl derivatives, and phenyl derivatives. How-

ever, it is likely that there are manymore classes of compounds and interactions still to

be discovered given the vast numbers of gut microbial genes of unknown function.

Metabolomics (Fiehn, 2002), or metabonomics (Nicholson et al., 2002), which is

the quantitative measurement of dynamic metabolic changes of living systems in

response to genetic modifications or physiological stimuli mainly based on
1H-NMR spectroscopy and MS, offers new opportunities to explore individual needs,

foods, and nutrient functionalities and formulate tangible biological hypotheses that

can be followed-up and tested at the individual and population scales. Monitoring the
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metabolic variations provides a unique insight into intra- and extracellular regulatory

processes involved in our metabolic homeostasis. By analysing low-molecular-weight

metabolites in biofluids (blood and urine), intestinal contents, and tissues, metabolo-

mics provides the characterisation of metabolic fingerprints that can be associated

with individual phenotypes encompassing dietary or disease statuses (Martin

et al., 2012).

The gut microbiome tremendously increases the diversity of metabolic pathways

accessible to mammalian hosts, enabling them to metabolise many things that they

otherwise could not. As a result, gut microbes have been associated with various

essential biological functions in humans through a “network” of gut microbiot–host

co-metabolism to process nutrients and drugs and modulate the activities of multiple

pathways in a variety of organ systems (Claus et al., 2008; Martin et al., 2007a, 2009).

Gut microbes enable us to digest cellulose, the single largest nutritional energy source

on the planet, and to survive on diets with low levels of particular nutrients and high

levels of particular toxins. For example, gut microbes metabolise unabsorbed carbo-

hydrates to SCFAs, the monocarboxylic acids with a chain-length up to six carbon

atoms, that is, acetic, propionic, butyric, isovaleric, valeric, isocaproic, and caproic

acids in the colon. SCFAs function both as an energy source and as a signalling mol-

ecule, and their abundance and type (e.g. butyric, propionic, and acetic acids) are

directly related to the speciation of the microbiota and their syntrophic interactions.

An interesting study (Zheng et al., 2011) was performed to profile the urinary and

faecal metabolites inWistar rats exposed to an antibiotic, imipenem/cilastatin sodium,

at 50 mg/kg/daily for 4 days followed by a 14-day recovery period in a specific

pathogen-free (SPF) environment using GC-MS- and LC-MS-based metabolomics

approach. The time-dependent metabolic ‘footprints’ in urine and faeces of experi-

mental rats resulting from antibiotic exposure were visualised. A 4-day antibiotic

intervention resulted in significantly altered human metabolic profile, and a panel

of 202 urinary and 223 faecal metabolites significantly related to end points of a “func-

tional metagenome” was characterised. This study shows extensive gut microbiota

modulation of host systemic metabolism involving SCFAs, tryptophan, tyrosine

metabolism, and possibly a compensatory mechanism of indole-melatonin production

and also provides important baseline information of a complete spectrum of metab-

olites produced from the gut microbiota–host co-metabolism, which will improve

our understanding of the “functional metagenome” as well as the molecular mecha-

nisms underlying multilevel host–microbe interactions. The microbiome has a strong

impact on the metabolic phenotypes of the host, and hence, metabolic readouts can

provide insight into functional metagenomic activity.

The impact of gut microbiota on bacterial SCFAs has been widely studied (Martin

et al., 2007a, 2008b, 2010). They found that the production of SCFAs by the gut

microbiota of re-conventionalised mice was similar to that of conventional mice,

except the latter had higher levels of acetate. Compared to the conventional group,

mice colonised with human baby flora were associated with lower concentrations

and different proportions of SCFAs. In particular, a higher proportion of propionate

and a lower proportion of n-butyrate were observed in colonised mice. Another study

by the same group (Martin et al., 2008b) demonstrated a significant association

Using metabolomics to analyse the role of gut microbiota in nutrition and disease 125



between the probiotic modulation of the gut microbiome and the metabolism of

SCFAs. The production of acetate and butyrate by the human baby flora mice supple-

mented with Lactobacillus paracasei or Lactobacillus rhamnosus probiotics was also
reduced. The concentrations of isobutyrate and isovalerate were increased in mice fed

with L. paracasei. Interestingly, a faecal metabonomics study revealed that the syn-

biotic combination of L. paracasei (probiotic) and galactosyl-oligosaccharides (pre-

biotics) in mice was directly related to enhanced growth of bifidobacteria and

lactobacilli compared to mice colonised to other human baby microbiota. These bac-

terial variations were associated with a modulation of bacterial metabolism of carbo-

hydrates and SCFAs, which was marked by a lower level of unassigned fatty acids and

a larger increase in acetate levels (Martin et al., 2010).

Recently, two studies ofMS-based metabolomics study revealed distinct alterations

of the intestinal content metabolites in the whole gastrointestinal tract (the stomach,

duodenum, jejunum, ileum, caecum, colon, and rectum) in male Sprague-Dawley rats

following 8 weeks’ ethanol exposure, which were characterised by increased fatty

acids and steroids (bile acids), a significant decrease of all amino acids and branched

chain amino acids, and significantly decreased SCFAs except for acetic acid (Xie et al.,

2013a; Zheng et al., 2013). The findings have shown that the metabolomics approach

would be an effective tool to characterise the host–gut microbiota interactions.

Martin et al. also used a targeted UPLC-MS profiling approach to assess the impact

of gut microbiota perturbations on the bile acid enterohepatic cycle and host tissue-

specific metabolic profiles (Martin et al., 2007b). Interestingly, when compared with

conventional gut microbiota, mice colonised with human baby intestinal microbiota

presented higher ileal concentrations of tauroconjugated bile acids, which were

mainly tauro-b-muricholic acid and taurocholic acid, owing to lower deconjugation

activity from the human baby microbiota. These changes had a direct impact on emul-

sification and absorption of bile acids and indirectly affected hepatic fatty acid storage

and lipoperoxidation, resulting in higher triglyceride and lower glutathione content in

the liver of mice harbouring the human flora. They further found that supplementation

with probiotic Lactobacillus spp. significantly impacted the tauroconjugated/

unconjugated ratio of bile acids and the metabolism of SCFAs, amino acids, and

methylamines (Martin et al., 2008a). Xie et al. also used a targeted metabolomics

approach to characterise the bile acid profiles of the serum, GI tract (duodenum, jeju-

num, ileum, caecum, colon, and rectum) content, and liver in male Sprague-Dawley

rats consuming ethanol chronically for 8 weeks. They found that ethanol consumption

substantially impacted the bile acid profiles of different tissues. Tauroconjugated

bile acids were significantly decreased in the liver and gastrointestinal tract of

ethanol-treated rats, while unconjugated and glycine-conjugated species increased.

The authors proposed that altered bile acid profile may be due to ethanol-induced

changes in the gut microbiota and may indicate another mechanism by which the

gut microbiota influence host metabolism (Xie et al., 2013b).

Another excellent example by Nicholson’s group (Swann et al., 2011) to study

the impact of gut microbiota on bile acid metabolism also demonstrated the effect

of metabolomics in the host–gut microbiota interaction study. They found that

conjugated bile acids dominated the hepatic profile of conventional animals and
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unconjugated bile acids comprised the largest proportion of the total measured bile

acid profile in the kidney and heart tissues. In the germ-free animal, tauroconjugated

bile acids (especially taurocholic acid and tauro-b-muricholic acid) dominated the bile

acid profiles in all of the tissue compartments, with unconjugated and glycine-

conjugated species representing a small proportion of the profile.

IBD is another chronic inflammatory disorder of the GI tract, with both genetic and

environmental contributions. Crohn’s disease (CD) and ulcerative colitis are two prin-

cipal forms of IBD (Bonen and Cho, 2003; Katz et al., 1999; Young and Abreu, 2006),

but their aetiologies are not well realised. Metabolic profiling by non-invasive 1H-

NMR spectroscopy of faecal extracts from CD and ulcerative colitis patients showed

reduced levels of microbial co-metabolites, such as acetate, butyrate, methylamine,

and trimethylamine (Marchesi et al., 2007b).

Such broad metabolomics profiling studies combined with microbial profiles in

mammals have revealed the existence of multilevel host–microbe interactions, and

therefore, this approach promises to be a powerful tool for the deconvolution of

the complex interplay between mammalian and bacterial metabolic processes.

6.4 The marriage of metagenomics and metabolomics:
microbiome–metabolome interactions

Metagenomics seeks to characterise the composition of microbial communities, their

operations, and their dynamically coevolving relationships with the habitats they

occupy without having to culture community members. Uniting metagenomics with

the analyses of the products of microbial community metabolism (metabolomics) will

shed light on how microbial communities function in a variety of environments,

including the human body. The gut microbiota acts in a concerted manner to achieve

metabolic communication with the host, and many different bacterial genera and spe-

cies are involved in metabolite production (Nicholson et al., 2012). The microbiome

represents a first step in exploring the largely mysterious bio-transformations that are

supported by its constituents. The metabolome, the set of metabolites generated by one

or more organisms under a particular set of physiological/environmental conditions,

holds the key to moving beyond descriptions of the composition of our indigenous

microbial communities. The metabolome will enable a better understanding of the

dynamic operations of our indigenousmicrobial communities and their functional con-

tributions to the various body habitats that they occupy (Turnbaugh and Gordon,

2008). These contributions include metabolic activities that are not encoded in our

human genome, for example, the breakdown of otherwise difficult to digest plant gly-

cans, synthesis of vitamins, and the processing of various xenobiotics that we consume.

For example, hippurate is the most widely detected urinary metabolite of host–microbe

origin in humans, dogs, ruminants, and rodents, and its urinary concentrations aremod-

ulated by diet, stress, disease, and microbial presence or activity (Holmes et al., 2008).

Given the integral nature of a specific gut microbiome and metabolome, any

differences in the microbial communities could result in significant alterations in
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the extracellular metabolome that may account for important findings commonly

encountered in pathology, toxicology, or drug metabolism studies. Global systems

biology (Nicholson, 2006), which examines the complex interactions between genes,

proteins, metabolites, and other cellular components at the whole-organism or com-

munity levels, provides new opportunities to deepen and model the complex interac-

tions between the gut microbiome and host. Integration of gut microbial profiling with

high-throughput metabolic phenotyping promises to delineate the microbiome and the

host metabolic phenotypes at a global level to uncover their inherent associations.

These studies represent an exciting frontier in human biology and are improving

our understanding of the mechanisms underlying complex host–microbe interactions.

There are various methods for establishing biological or statistical links between

the microbes and the metabolites that they may produce. Next-generation sequencing

methods can provide a reconstruction of DNA sequences and insight into the capabil-

ity of organisms to perform metabolic functions. Metabolic profiling of biofluids

(such as urine, plasma, or faecal water) that uses high-resolution spectroscopy offers

an alternative strategy for characterising metabolites of microbial origin, and the pro-

files can subsequently be statistically integrated with metagenomics data by using

multivariate computational modelling. Evidence is accumulating that gut microbes

influence the metabolite profiles of human blood (Wikoff et al., 2009), urine (Li

et al., 2008a) and faecal extracts (Marchesi et al., 2007a; Saric et al., 2008). Metabolic

profiling of urine samples in a Chinese family and co-variation of 16S rRNA

PCR–DGGE profiles of the inter- and intra-individual variations in gut microbiota

within this single family demonstrated that symbiotic gut microbes have a strong cor-

relation with the human metabolic phenotypes (metabotypes) (Li et al., 2008a).

Co-metabolism and metabolic exchange between the host and the gut microbial

consortia significantly contribute to host metabotypes (Nicholson et al., 2005a).

The 1H-NMR metabolic profiling of human faecal water from CRC patients and

healthy controls demonstrated decreased levels of health-promoting acetate and buty-

rate and some correlation of proline and cysteine concentrations with disease

(Monleon et al., 2009). Subsequently, metagenomic analysis using 16S rRNA

PCR–DGGE, ribosomal intergenic spacer analysis, and in-parallel 1H-NMR metabo-

nomic analysis of the faecal extracts from colon cancer and polyposis patients com-

pared to healthy controls (Monleon et al., 2009; Scanlan et al., 2008) demonstrated

that the gut microbes and the detected metabolites were significantly altered in both

the CRC and the polyposis subjects, with reduced temporal stability and increased

diversity of the Clostridium leptum and Clostridium coccoides subgroups in both dis-
ease groups.

6.5 Future perspectives: personalised nutrition

The goal of nutrition has extended beyond just ameliorating or curing diseases and

now aims to achieve an overall objective in preventing diseases and improving health.

Therefore, the pivotal scientific objective has become understanding the relationship

128 Metabolomics as a Tool in Nutrition Research



between diet and health/diseases. Together these developments indicate that the future

goal of nutritional research will be to predict the likelihood of future diseases within

the context of an individual’s overall heath and identify causal risk factors, leading to

recommendations for appropriate intervention, such as dietary habit changes, to avoid

homeostasis loss and maintain healthy status.

Personalised nutrition is the outcome for individuals who will adapt their diet and

lifestyle according to knowledge about their current or future healthy status (Rezzi

et al., 2007). The concept of personalised medicine, first noted in the 1970s, began

to emerge and with it the concept of personalised nutrition (Kaput, 2008). Generally

speaking, personalised nutrition has, alongside personalised medicine, had a gene-

centric approach. However, the delivery of personalised nutrition is increasingly seen

as existing at three levels: personalised nutrition advice based on personalised dietary

data, personalised nutrition advice based on personalised phenotypic data, and perso-

nalised nutrition advice based on personalised genomic data (Gibney and Walsh,

2013). Clayton and his colleagues have described a novel “pharmacometabolomics”

concept of personalised drug treatment (Clayton et al., 2006), which applies a com-

bination of predose metabolic profiling and bio-informatic tools to model and predict

the response of individual subjects. The concept of “pharmacometabolomics” is sen-

sitive to both genetic and environmental influences and addresses the metabolic

response at the individual level. This concept could be alternatively applied to nutri-

tional research as a means of assessing individual response to diets. In the future,

researchers could use such metabolic profiling to measure, predict, and optimise

the metabolic response of individual response to dietary interventions or modulations.

Likely, in cases of impairment of human homeostasis, the patients would thus develop

a coordinated approach to re-establish a metabolic trajectory for the individual con-

sistent with their metabotypes.

Combining metabolomics with metagenomics provides a new “top-down” systems

biology approach to uncover the molecular mechanisms underlying multilevel

host–gut microbe interactions and their interdependencies. This approach will also

be important in determining the effects of these interactions on the aetiology of human

diseases as a function of unfavourable host–gut microbiota interactions. Metabolomic

profiling of the microbial metabolites or co-metabolites resulting from crosstalk

between the host and commensal microbes will assist in understanding the extent

to which the gut microbiota affects the responses of the human host to dietary mod-

ulation or intervention. As the gut microbiota is involved in the predisposition to, or

the onset of, many human diseases, quantitative profiling of the gut microbiota can

help predict what types of metabolites and metabolic processes can be affected. These

metabolites may be potential biomarkers for the evaluation of disease progression and

human responses to specific therapeutic regimens at the metabolome level.

Although many efforts on metagenomics and metabolomics for personalised nutri-

tion have been made, most of the published work in this area demonstrates only sta-

tistical associations between the metabolic phenotypes and the compositional changes

of gut microbiota, with the exception of some well-known pathways, such as those of

SCFAs, bile acids, and amino acids. To further discover connections between our

supraorganismal metabolism and our microbial ecology, several advances should
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be made. We need to improve the knowledge about the mechanisms of those meta-

bolic processes impacted by each individual microbial species regarding which of

the manymicrobial species are vital for modulation of the “transgenomic” metabolism

between the human host and gut microbes. We need to improve our current metabo-

lomics technology to get more detected metabolites identified and get more low-

abundance metabolites detected. These difficulties have limited our ability to retrieve

all of the biological information contained in these studies on host–microbe associa-

tions. A clear understanding of the important host–gut microbiota interactions within

our bodies will depend on future advancements in metabolomics, metagenomics, sys-

tems biology, and other related technologies.
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7.1 Introduction

The concept of personalised nutrition emerged in the context that nutritional recommen-

dations need to be refined for specific subgroups of the population, and was originally

described in the 1970s (Nizel, 1972). The nutritional needs of individuals vary according

to age, gender, and physiological status such as pregnancy. Considering the substantial

interindividual response to dietary interventions performed in the last decade, it has

become evident that a more personalised approach to dietary recommendations is

needed. Inmore recent years, various definitions of personalised nutrition have emerged.

However, the most comprehensive definition describes a three-level approach: Level 1

describes the delivery of dietary advice following assessment of the individual’s dietary

intake; level 2 refers to the delivery of personalised advice following assessment of the

individual’s diet and phenotypicmeasures (such as blood pressure and clinical chemistry

parameters) and level 3 refers to the delivery of advice taking into account the individuals

diet, phenotypic measures, and genetic profile (Gibney and Walsh, 2013).

Since the sequencing of the human genome, there has been an increasing interest in

using genetic data to derive personalised nutrition advice. From a scientific viewpoint,

this is difficult as the evidence is not as strong as we as scientists would like. To date,

most of the results are from observational studies with a distinct lack of evidence from

dietary intervention studies. However, there are a limited number of examples where

evidence from intervention studies exists. One such example includes the C677T var-

iant in the gene encoding the enzyme methylenetetrahydrofolate reductase. A ribofla-

vin intervention for 16 weeks reduced blood pressure significantly in subjects with the

TT variant but not in subjects with the C allele of the C677T genotype (Horigan et al.,

2010). In a follow-up study in subjects with CVD (cardiovascular disease), the TT

genotype riboflavin supplementation again reduced blood pressure (Wilson et al.,

2012). More recently, in a group of hypertensive subjects without CVD, a decrease

in blood pressure was found following supplementation with riboflavin for 16 weeks.

Overall, this provides strong evidence for the proof of concept of delivering dietary

advice including analysis of genetic data. However, it should also be recognised that

this is a field still in its infancy.

Although there is general agreement that nutritional advice needs to move towards

personalised advice, it is also evident that we will not reach a truly personalised level
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where specific foods will be created for individuals. A more realistic approach is the

development of personalised advice for groups of individuals also referred to as “targeted

nutrition”. Stratification of individuals could be achieved based on their metabolic/phe-

notypic profile, and indeed, examples exist of such an approach (Clayton et al., 2006,

2009; Nicholson et al., 2012a; Winnike et al., 2010). The concept of grouping subjects

based on their metabolic phenotype has been demonstrated in a number of studies, and

the term “metabotype” has been coined. The present chapter will focus on key pertinent

examples where metabotyping has been used with a focus on nutrition examples.

7.2 The concept of the metabotype

Metabolomics has emerged as a tool for determining metabotypes: metabolomic pro-

files or combinations of specific metabolites can be used to class subjects into groups

or clusters. One approach of achieving such grouping is cluster analysis such as k-
means clustering. The basis of this approach is to group n individuals into k clusters
in which each individual belongs to the cluster with the nearest mean. Other clustering

approaches exist such as hierarchical clustering, and each has its ownmerits and draw-

backs. In the metabolomic field, one of the most commonly used data analysis tools is

principal component analysis (PCA). PCA is particularly useful in analysing trends in

the data but is not a clustering technique itself. Recently, we developed an approach

based on PCA to allow group identification: the mixture of probabilistic PCA

(Nyamundanda et al., 2010) allows the researcher to ascertain the number of inherent

groups in metabolomic data.

The metabotype is known to be influenced by a combination of genetic and environ-

mental factors such as diet and the gut microflora (Figure 7.1). Depending on the metab-

olites chosen to perform the metabotyping, the influence of each of these factors may be

less or more important. Suhre and colleagues had demonstrated elegantly that genotype

influences the metabolomic profile and had performed a number of genome-wide asso-

ciation studies with metabolic traits (mGWAS) (Gieger et al., 2008; Illig et al., 2010).

With regard to the influence of thegutmicroflora, there havebeennumerous publications

indicating the important influence of the gut flora on the metabolite levels in urine and

faecal water extracts (Claesson et al., 2012; Li et al., 2011; Nicholson et al., 2012b;

Wijeyesekera et al., 2012).Thus, ifmetabotyping is performedusing these biofluids, then

the influence of the gut microflora will be inherent in defining the groups. In an elderly

population, dietary patterns were demonstrated to drive changes in the gut microflora,

which in turnwere seen inmetabolic profiles of the faecal samples (Claesson et al., 2012).

7.3 Examples of metabotyping with a focus
on nutrition

With respect to nutrition interventions, metabotyping can be used to identify

responders and nonresponders to the intervention. In our previous work, we used such

an approach with k-means cluster analysis to identify responders and nonresponders to
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a vitamin D intervention (O’Sullivan et al., 2011b). Using the clustering approach,

five distinct metabotypes were identified, and analysis of these groups revealed that

one was responsive to the dietary intervention. Subjects in this responsive group were

characterised by lower serum 25(OH)D and higher levels of adipokines and showed sig-

nificant responses in insulin, homeostatic model assessment (HOMA)-score, and

C-reactive protein (CRP) following supplementation with 15 mg of vitamin D3 for

4 weeks. Metabolomic analysis revealed further metabolic changes in this group, and

the extent of change in 25(OH)D correlated negatively with changes in fasting glucose.

This study was an important proof of principle that applying this metabotyping

approach could be used for the identification of dietary-responsive phenotypes.

Another example of applying k-means to lipoprotein profiles identified three clus-

ters two of which had a positive response to fenofibrate. The subjects (n¼775) under-

went a 3 week treatment of fenofibrate, and lipoprotein profiling was performed on

baseline samples. This approach was more effective in identifying responders com-

pared with traditional approaches based on baseline HDL-c and triglycerides cut-offs

(van Bochove et al., 2012).

The above are clear examples where metabolites or metabolic profiles were used to

group subjects into distinct groups, which when examined displayed a differential

response to the intervention/treatment. Additionally, there are other studies that per-

formed metabotyping on defined groups such as responders and nonresponders. While

the approach is different from a statistical viewpoint, the concept of predicting a

response to a dietary intervention is the same. In a choline depletion study, analysis

of the baseline metabolomic profile could predict which subjects developed liver dys-

function when deprived of dietary choline (Sha et al., 2010). For this study, 53 subjects

received a choline-sufficient diet for 10 days (550 mg choline/70 kg/day) followed by

Metabolites in biofluids

Phenotype

Gut
flora

Diet
Genes

Figure 7.1 Factors that influence the metabolic profile. Metabolite levels in human biofluids

are known to be influenced by genetic factors, the diet, and the gut microflora.
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a choline-depleted diet (<50 mg choline/70 kg/day) for up to 42 days. Metabolomic

analysis was performed using targeted and nontargeted LC–MS approaches. The sta-

tistical analysis in this case was performed using two approaches: uncorrelated

shrunken centroid was used for selecting markers for predicting which individuals

developed liver dysfunction. Partial least squares-discriminant analysis was also used

for examining if the profiles could predict class membership defined by whether sub-

jects developed liver disease or not. Interestingly, baseline choline levels alone were

not predictive of development of organ dysfunction. This in itself supports the con-

cepts of metabotyping and its use for identifying responders to dietary interventions.

Response to an intervention with calcium and vitamin D also revealed that baseline

metabolomic profiles were predictive of response to the intervention (Elnenaei et al.,

2011). A 3-month intervention with calcium and vitamin D in 36 females with low

bone density identified responders and nonresponders by examination of changes

in parathyroid hormone. Distinctive patterns of metabolites separated responders from

nonresponders at baseline. The identification of potential “nonresponders” to the vita-

min D and calcium therapy could potentially be useful in selection of optimal therapy

on an individual basis.

Rezzi et al. investigated whether dietary preferences of individuals were predictive

from metabolomic profiles. Twenty-two healthy male volunteers were selected from

75 volunteers based on their chocolate preferences (chocolate loving or hating). Vol-

unteers consumed a standard diet and underwent a 1-week double-crossover interven-

tion where they consumed either chocolate or placebo (bread) on 2 test days. Biofluid

samples (blood and 24 h urine) were collected, and metabolomic profiling revealed

that the chocolate preference of an individual could be predicted. Prediction of dietary

preference could be extremely useful in categorising individuals according to

unhealthy dietary habits and developing personalised dietary advice.

All of the above examples clearly demonstrate a potential role of metabotyping in

the delivery of personalised nutrition. However, none of the above examples have

actually delivered personalised dietary advice. Further work is needed to develop die-

tary advice based on these metabotypes, thus delivering personalised nutrition at the

group rather than individual level (Figure 7.2).

Metabotype 1

Metabotype 2

Metabotype 3

Metabotyping
100 subjects

Personalised
dietary advice

Personalised
dietary advice

Personalised
dietary advice

Figure 7.2 An overview of the metabotype concept. Overview of the concept of metabotyping:

using the metabolic profile subjects can be classified into different metabotypes and dietary

advice could then be tailored to the metabotype.
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In the field of personalised medicine, the use of the baseline metabolic profiles to

identify metabotypes that differentially respond to interventions has been demon-

strated in a number of examples. Metabolomic analysis revealed a baseline metobo-

type that could predict how an individual patient with major depressive disorder would

respond to treatment (Kaddurah-Daouk et al., 2011). In the future, such analysis will

help define a patient’s treatment strategy. Another clear example of this approach is

the use of metabolomic profiles to identify metabotypes that respond to paracetamol.

Clayton et al. (2006) used a combination of predose metabolic profiling and statistical

analysis to predict the response of individual subjects to drug treatment. A separate

study demonstrated that the metabolic profile directly after initial treatment was able

to predict which subjects were susceptible to mild acetaminophen-induced liver injury

(Winnike et al., 2010). These and other studies have championed the concept that

metabotyping could be used to improve pharmaceutical efficacy and safety. The suc-

cess of these studies in personalised medicine is encouraging for workers in the field

of nutrition. Taken together with the successful metabotyping in nutrition research, an

optimistic picture emerges for personalised/targeted nutrition.

7.4 Extension of metabotypes to include markers
of dietary origin

Although the strict definition of metabotype is centred about the metabolic phenotype,

it is possible to extend the definition to include markers of dietary origin. Focusing the

metabolomic analysis on these compounds has been referred to as “nutrityping” or

“phytoprofiling” (O’Sullivan et al., 2011a; Xie et al., 2013). Within this context, sub-

jects are grouped/characterised into groups that characterise their habitual dietary

intake using metabolomics-derived data. Compared to the metabotyping field, this

area is in its infancy with only some proof of principles currently existing. Work in

our laboratory demonstrated that using cluster analysis people could be classified into

three dietary patterns based on their food intake data (O’Sullivan et al., 2011a). Exam-

ining the metabolomic profiles revealed that the dietary patterns were reflected in

metabolomic urinary profiles. Resulting from this and other work, the concept of

the nutritype has emerged where classification of subjects according to a dietary

intake pattern is possible based on their urinary metabolomic profile. Examples from

other studies also exist that support such concepts. In the KORA study, metabolomic

and dietary analyses were performed on 284 subjects with significant relationships

between dietary patterns and serum metabolites (Altmaier et al., 2011). Furthermore,

four dietary indices were identified in the dietary data and relationships with metab-

olites identified. Of note was the association between the dietary fibre index and an

increase in saturation of fatty acid residues of glycerophosphatidylcholines. In a recent

twin study, a strong relationship between serum metabolites and nutritional patterns

was also observed (Menni et al., 2013). However, other studies have reported a poor

relationship between diet and serum metabolites (Floegel et al., 2013). This is in fact

not surprising as the majority of metabolites measured were endogenous metabolites,
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which will not be hugely influenced by diet. Optimal examination of dietary intake

will be obtained by measurement of metabolites originating from foods. More details

on such biomarkers are given in Chapter 9. Notwithstanding this, the current evidence

from published studies supports the concept of a nutritype for classification of people

into groups that reflect their habitual dietary intake.

7.5 Conclusion and future trends

As clearly indicated in the above examples, metabotyping is set to play a key role in

the development and delivery of personalised nutrition. In recent years, we have wit-

nessed a shift in nutrition research away from solely treatment of diseases to preven-

tion of disease and health promotion. Concomitant with this, there is also an

expectation that nutrition advice can be delivered to individuals in a more tailored

or targeted manner. The use of a metabotyping approach to identify groups of indi-

viduals that respond differentially to dietary interventions supports the concept of

developing dietary advice specific to these groups. Delivery of such targeted dietary

advice would be more personalised than the general dietary recommendations that are

currently in place. Implementation of such a strategy would represent a significant

move towards personalised dietary advice, and metabolomics is set to play a key role

in defining metabotypes.

7.6 Sources of further information and advice

More information on nutrition and personalised nutrition can be obtained from the

following websites:

l Personalised nutrition: www.food4me.org
l Nutrition Society: www.nutritionsociety.org
l British Nutrition Foundation: www.nutrition.org.uk
l Food Standards Agency: http://www.food.gov.uk
l European Food Safety Authority: http://www.efsa.europa.eu

Metabolomic resources are available at the following:

l www.metabolomicssociety.org
l www.nugo.org
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8.1 Introduction

Shifts in dietary pattern and food composition and processing, and a modification in

physical activity collectively known as “nutritional transition”, have led to an energy

imbalance not only in the Western world but also in emerging countries with an

increasing prevalence of overweight and obesity (Popkin, 2011) and the associated

pathologies such as type 2 diabetes mellitus (T2DM). For a long time, research on

the relationship between diet and health has considered the impact of isolated nutrients

or food compounds and often in experimental conditions far from the complexity of

the real diet. Numerous mechanistic hypotheses linking food consumption with bio-

logical effects have been generated by experiments on animal models or cells, but

could not be validated in human studies.

Over the past few years, new concepts have emerged such as the “omics” technol-

ogies (transcriptomics, metabolomics, and proteomics). These have enabled an evo-

lution from a rather reductionist approach towards a more promising integrative

approach for nutrition because these technologies are capable of taking into account

the multiplicity and interconnecting metabolic effects induced by diet. They have also

opened a new way to analyse the effects of diets from gene to metabolites, giving

unique insights into mechanisms underlying the development of chronic metabolic

diseases, leading to a comprehensive phenotyping of individuals and determining

biomarkers for early diagnosis of risks (screening biomarkers). Other biomarkers

can also assist in the care of patients with suspected disease (diagnosis biomarkers)

or with progression or remission of disease (prognostic biomarkers) (Roberts and

Gerszten, 2013).

Among these new concepts, metabolomics which allows the measurement of a large

fraction of the metabolites of a tissue or biofluids, is currently considered a promising

approach to characterise the role of diet in the regulation of metabolic pathways under-

lying all biological processes. Its application to many research areas (Gika et al., 2014)

has been increasing at an exponential rate since about 2005. Metabolomics has been

successfully developed in pharmaceutical, medical (Armitage and Barbas, 2014;
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Roux et al., 2011), and plant sciences; however, applications in nutrition are fewer. In

recent years, metabolomics has been used to phenotype the nutritional status of

individuals and to facilitate the discovery of new biomarkers associated with specific

nutrients (food metabolome) (see Chapter 9) or metabolic dysfunctions (Herder

et al., 2014).

Since 2007, several studies have shown that metabolomics analyses of biofluids

could be used to distinguish individuals who are metabolically well from those

who are metabolically unwell (Batch et al., 2013; Kim et al., 2010; Mihalik et al.,

2012). This chapter will deal with the application of metabolomics to metabolic dis-

eases, which are directly linked to nutritional patterns and more particularly metabolic

syndrome (MetS), T2DM, and insulin resistance (IR). Both major animal and human

intervention studies will be described. A section of this chapter will also deal with

cohort studies, which are aiming to discover predictive biomarkers in order to identify

individuals at risk for developing such pathologies.

8.2 Using metabolomics to understand the relationship
between nutrition and chronic metabolic diseases

Numerous studies have been conducted in order to apply metabolomics to characterise

the major metabolic-related chronic dysfunctions, including obesity, MS, IR, and

T2DM. However, very few studies have applied metabolomics to elucidate the impact

that nutrition may have on these diseases. Among the studies exploring the nutritionally

related metabolic disorders, those using diets rich in fat (high-fat, HF) or free sugar con-

stitute the majority, and this section will basically describe the published protocols,

including a brief look at genetically modified models. Given that metabolomics can

report directly the metabolic and physiological status of an organism at a given time,

the number of studies employing metabolomics strategies to provide further insights

into the molecular mechanisms at the basis of nutritionally related diseases has

increased. Taking into account the important amount of data obtained in those studies,

this section will discuss the different families of metabolites, which are currently

suspected to be potential biomarker candidates of the metabolic disorders cited above.

8.2.1 Acylcarnitines

As stated above, metabolomics is now widely used as a tool able to put in evidence

metabolic changes associated with different metabolic dysfunctions. Acylcarnitines

have traditionally been used to measure inborn errors of metabolism, but in the last

years, these have been shown to be markers of IR (see Table 8.1; Bain et al., 2009;

Schooneman et al., 2013).

In a recent study, Barr et al. (2012) examined the plasma metabolome of individ-

uals classified by their liver histological status (liver biopsies), including normal indi-

viduals or patients with nonalcoholic fatty liver disease (NAFLD) or with steatosis or

nonalcoholic steatohepatitis (NASH). The authors found that the metabolic signature
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Table 8.1 Summary of the most common metabolites discriminated in the metabolomics studies addressing
differences among healthy and disturbed (metabolic perturbation) phenotypes

Molecule (biomarker)

Metabolic

dysfunction Species

Metabolic or physiological

function affected Reference

" Acylcarnitines NASH (obese) Human Mitochondrial b-oxidation Barr et al. (2012)

Obesity/IR Human/rat BCAA metabolism Koves et al. (2005, 2008),

Newgard et al. (2009),

and Sampey et al. (2012)

" Monoether phospholipids NASH (obese) Human Peroxisome Barr et al. (2012)

" Ceramides/sphingomyelin NASH (lean) Human Lipotoxicity

# Lysophosphocholines

(16:1, 20:1, 20:1)

Obesity/IR Mice Insulin resistance/fat mass Barber et al. (2012)

# Lysophosphocholines T2DM Human Adiposity (no differences between

obese and lean diabetic patients)

" Valine, leucine, isoleucine Obesity/IR Human Overload BCAA catabolism/

mitochondrial dysfunction

Newgard et al. (2009)

" Tyrosine, phenylalanine Obesity/IR Human

# a-Ketoglutarate Obesity/IR Human

" Valine, leucine, isoleucine Obesity Human Insulin action in overweight and obese

subjects

Huffman et al. (2009)

# Isoleucine Overweight and

obesity (weight loss

protocol)

Human Hypothetical promotion of lipolysis

and suppression of lipogenesis

Perez-Cornago et al.

(2014)

" Bile acids NASH/steatosis Human Hypothetical higher bile acid pool due

to a higher rate of bile acid synthesis

Kalhan et al. (2011)

" C3, C4, and C5

acylcarnitine

NASH/steatosis Human No mechanism proposed

# Eicosapentaenoate,

docosahexaenoate and

10-undecenoate

NASH/NAFLD Human No mechanism proposed Kalhan et al. (2011) and

Puri et al. (2007)

BCAA, branched chain amino acid.
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was highly correlated with the body mass index (BMI) of the patients, suggesting evi-

dence of different NAFLD as a function of the degree of obesity of the individuals.

Increased levels of acylcarnitines, as biomarkers of mitochondrial b-oxidation dys-

function, were found in obese patients with NASH (Schooneman et al., 2013), but high

levels of monoether phospholipids, evidencing peroxisome dysfunction, were also

observed. Therefore, most of the changes evidenced in obese patients were related

to the oxidation disposal of free fatty acid (FFA) routes. In a similar study, Kalham

also reported that short-chain acylcarnitines were elevated in both NASH and steatotic

patients when compared with the healthy control group (Kalhan et al., 2011). The

profile was, however, different between both diseases, as NASH patients presented

high levels of C3, C4, and C5 acylcarnitine, while in subjects suffering steatosis,

only the C5 species were elevated. In the same study, some interesting changes in

FFA levels were also reported, including lower levels of eicosapentaenoate (20:5n3),
docosahexaenoate (22:6n3), and 10-undecenoate (11:1n1), in subjects with NASH, in

agreement with the profile found in the hepatic tissue of NAFLD subjects (Puri

et al., 2007). Unfortunately, nomechanisms explaining these changes were further stud-

ied, although the authors suggested that altered amino acid metabolism in the other

peripheral tissue might contribute to the changes observed at the plasma level.

In the same line, metabolomics data from Brown et al. (2013) support this hypoth-

esis, given that a limited capacity to oxidise fatty acid (FA) was reported when

HepaRG cells develop a steatotic-like phenotype in the presence of palmitic acid.

In more detail, increased levels of acetyl-CoA and reduced concentration of carnitine

indicated that the mitochondrial function is impaired. Further, an altered b-oxidation
capacity seems to be also reflected by the enhanced level of palmitoylcarnitine, as well

as the accumulation of diacylglycerol (DAG) and monoacylglycerol (MAG), consis-

tent with a lipotoxic phenotype and reactive oxygen species production.

Other studies also confirmed that the acylcarnitines can be potential biomarkers of

the development of obesity and the associated IR. Among them, studies with obese

and IR rats showed that either normal or Zucker diabetic rats when fed on an HF diet

(HFD) accumulate several different species of acylcarnitines, with a possible impact

on mitochondrial function, especially b-oxidation (Koves et al., 2005, 2008). This

accumulation has also been observed in the muscle of HF-fed mice in parallel with

a downregulation in the expression of peroxisome proliferator-activated receptor

gamma coactivator 1a (PGC-1a). More interestingly, both effects were abolished

by exercise (Koves et al., 2005). Together with the reduction in several TCA cycle

intermediates, Muoio and Newgard suggested that the accumulation of incompletely

oxidised lipid species in mitochondria (most of them being acylcarnitines) would be

the result of a reducedmetabolic flexibility. Further, the accumulation of incompletely

oxidised substrates would cause mitochondrial stress, leading to impaired insulin

action (Muoio and Newgard, 2008).

In another study, Sampey et al. (2012) revealed using a metabolomics approach

that some acylcarnitines can act as biomarkers of a proinflammatory status in the

context of obesity and IR. In this case, rats were fed with either a regular diet (ad libi-
tum) or on a cafeteria diet (three human snack foods varied daily in addition to an ad
libitum regular diet) for 10 weeks, and the plasma and liver metabolomes were then

analysed. Rats fed with the cafeteria diet had higher levels of proinflammatory
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saturated fatty acids such as C12 (laurate) and C14 (myristate), as well as some acyl-

carnitine derivatives (lauroyl carnitine and myristoyl carnitine), compared with the

control animals. Further, they demonstrated that lauroyl carnitine may act as a medi-

ator of adipose tissue inflammation during obesity and dyslipidemic situations. Their

data demonstrate that this acylcarnitine is able to inhibit the AMPK activation, a path-

way known to promote an anti-inflammatory M2 macrophage phenotype (which pro-

motes cell proliferation and tissue repair) associated with insulin sensitivity (Shah

et al., 2011). Using an in vitro approach, they incubated bone marrow-derived mac-

rophages in the presence of the lauroyl carnitine. The cytokine profile obtained after

such exposure showed that the new phenotype corresponded to the M1 proinflamma-

tory macrophages (which inhibits cell proliferation and causes tissue damage) and that

the AMPK may be the signalling pathway responsible of such changes.

Finally, a few interventional studies in humans support the role association between

the acylcarnitine metabolism and IR (Schooneman et al., 2013). In a first study on 16

obese and overweight subjects, acylcarnitine levels were followed postprandially by

LC–MS/MS. The results showed that the response depended on their chain length

and degree of unsaturation, with C14:0, C16:0, and C18:0 remaining unchanged, while

unsaturated species (C14:1 and C14:2) falling significantly (Ramos-Roman et al.,

2012). However, the magnitude of this decrease correlated with both premeal

insulin-mediated glucose disposal rates and fatty acid oxidation and has been largely

explained by nadir levels of C12:1, C14, and C14:1 carnitine. In another metabolomics

study, 46 healthy overweight subjects were subjected to 6 months of caloric restriction

(25%). The results showed that the concentrations of C2 acylcarnitine and long-chain

ACs were positively associated with the amount of fat and the insulin sensitivity.

8.2.2 Branched-chain amino acids and other amino acids

Most of the data concerning the involvement of the branched-chain amino acids

(BCAAs) come from the team of Christopher Newgard, who proposed in the late

2000s that these amino acids would reflect an impaired mitochondrial function, often

observed during obesity and diabetes development (Table 8.1). In one of these studies,

Newgard et al. (2009) reported that obese individuals, when compared with lean

subjects, showed specific increases in C3 and C5 acylcarnitine levels and that this

was strongly related to the metabolism of BCAAs. The authors suggested that these

changesmay reflect an overload ofBCAAcatabolism in obese subjects and explain this

by changes in other metabolites, like the decreased levels of a-ketoglutarate and the

increased levels of glutamate and aromatic amino acids, phenylalanine and tyrosine.

In order to go further on this hypothesis, they tested if the same potential biomarkers

were present in rats developing obesity and IR after feeding on an HFD supplemented

withBCAAsat nutritional doses.They found that IR inducedbyHF/BCAAfeedingwas

accompanied by changes in the same biomarkers, including those suggesting saturation

in the capacity for mitochondrial fuel oxidation in muscle and a chronic activation of

mammalian target of rapamycin and c-Jun N-terminal kinase and serine phosphoryla-

tion of IRS1 at the Ser307. Among themechanisms suggested to be responsible for such

changes in plasma BCAAs, it has been proposed that the adipose tissue could play a

central role, given its recently demonstrated capacity to regulate circulating BCAA
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levels (Hermanet al., 2010;Newgardet al., 2009).BCAAlevelswere found tobehigher

in males vs. females but similar in Caucasians and African Americans (Patel et al.,

2013). Furthermore, several studies have demonstrated that in obese, IR rodentmodels,

liver and white adipose tissue branched-chain a-keto acid dehydrogenase (BCKD)

abundance and/or activity is reduced when compared with lean controls (Adams,

2011). The situation in muscle is less clear, given that only small changes in some of

the subunits have been reported so far. Consistent with this, using both targeted and

untargetedmetabolomics studies of plasma samples in humans, results seem to suggest

that a reduction of BCKD activity would take place in obese, IR states. Among them, it

has been demonstrated that in blood and urine of IR and T2DM subjects, the concen-

tration ofa-ketobutyrate and/or its derivate, thea-hydroxybutyrate, is enhanced (Fiehn
et al., 2010; Gall et al., 2010; Salek et al., 2007). Very little is known about the changes

observed at the hepatic level. Only in vitro data are available so far, showing that when
HepaRGcells are exposed topalmitic acid for 48 h, increased accumulationofBCAAis

observed, mostly in the first 24 h (Brown et al., 2013). This has been linked to the fact

that the enhancedamount ofBCAAswould constitute a contribution to theTCAactivity

that, according to this study, showed a delayed increased by the end of the incubation

period (increased lactate and TCA intermediates). As a whole, this approach seems to

support the idea that hepatic cells developing a steatotic phenotype would also suffer

mitochondrial dysfunction.

Other trials have also confirmed that the BCAAs could act as reliable biomarkers of

IR and obesity (Connell, 2013). A targeted metabolomics analysis of plasma from sed-

entary MetS individuals subjected to an oral glucose tolerance test revealed that 75

metabolites were associated with the disease (Huffman et al., 2009). Among them,

amino acids, acylcarnitines, and FFAs revealed that large neutral amino acids, includ-

ing BCAAs, were inversely associated with insulin sensitivity. Also, a recent metabo-

lomics study in humans (UPLC/MS/MS) showed that valine, leucine, and isoleucine

were elevated in the plasma of NASH in comparison with steatotic and healthy indi-

viduals (Kalhan et al., 2011), suggesting that in the first case, the hepatic damage

would have already reached the mitochondria. Finally, the BCAAs have been also

associated with the IR status in overweight and obese patients losing weight. Shah

et al. (2012a,b) showed with a large number of participants (n¼500) losing about

8 kg over 6 months that the levels of BCAA and their related catabolites obtained

by a targeted metabolomics approach were significantly correlated with the baseline

HOMA-IR. Interestingly, this correlation was not further observed with the delta-

HOMA-IR during the losing weight period. Importantly, in this trial, BCAAs and

related metabolites were unique among a much larger and more diverse set of metab-

olites evaluated in predicting change in HOMA-IR and therefore suggest a potential

mechanism for the heterogeneity in health benefits obtained from weight loss.

Other authors have also shown that other amino acids could also be considered as

potential biomarkers of IR development (Table 8.1), given that their concentrations

were factors that differentiate obese from lean subjects in several human studies

(Fiehn et al., 2010; Newgard et al., 2009; Tai et al., 2010). In protocols developed

in rodents, phenylalanine was suggested to act as biomarker of IR in obese rats,

although no differences were observed between young and old animals (naturally
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developing IR) (Wijekoon et al., 2004). The same biomarker was found in NASH

human patients (Kalhan et al., 2011), suggesting that this amino acid can be a key

molecule in metabolic disorders with a common background. Similarly, other amino

acids like aspartate and glutamate were also noticed as discriminant in the statistical

analysis between normal and NASH individuals, which has been suggested to be

related to an increased anaplerosis of amino acids into the TCA cycle, resulting in

an increased cataplerosis to ensure the required removal of the resulting carbon

skeletons of these amino acids from the cycle (Kalhan et al., 2011).

8.2.3 Lysophospholipids

Attention was also focused on the HF-induced metabolic disorders, like obesity, IR,

and diabetes. Among the molecules frequently reported as potential biomarkers of

such pathologies, lysophospholipids are the most commonly cited, especially in

human studies (see Section 8.3 and Table 8.1). However, little is known about the

mechanisms behind these changes. Barber et al. (2012) showed that in HF-fed mice

developing obesity, higher levels of triacylglycerol (TG), DAG, and sphingolipids are

observed when compared with the control group, but more interestingly, reduced

levels of lysophosphatidylcholines (LysoPCs) were also reported. Strangely, no

changes were observed in the most active tissues, like the liver, muscle, or adipose

tissue allowing explaining those changes. However, some of the LysoPCs

(16:1 and 20:1) were associated with the HOMA-IR index. The fact that after only

1 week of HFD, mice showed already reduced LysoPC levels and that those were

associated with the fat mass rather than with the hyperglycaemia and hyperinsulinae-

mia suggest that an important nutritional component must exist. In order to complete

these data, these LysoPCs were also measured in diabetic patients, and the same

results were found although no differences were observed between obese and

T2DM individuals. Again, the diet and adiposity seem to be at the origin of these

LysoPC profiles, which were not explained in the publication.

In another intervention, Horakova et al. (2012) fed mice during 8 weeks with a

HFD (35% lipids) alone or supplemented with either long-chain PUFA n�3, rosigli-

tazone, or both. Muscle homogenates were analysed by flow-injection analysis–mass

spectrometry (FIA–MS), and 15 LysoPCs were quantified. Three species, LysoPC

18:0, LysoPC 18:2 and LysoPC 20:4, showed reduced levels in the group fed with

the LC-PUFA-enriched diet, with the combined intervention with rosiglitazone hav-

ing a stronger effect. This reduction in muscle LysoPC was suggested to be related to a

reduced inflammation in the tissue, given that these molecules could be associated

with obesity-induced low-grade systemic inflammation and that phospholipase

A2-derived LysoPCs exert adverse effects on insulin responsiveness of myocytes

(Han et al., 2011). In a very similar study, Kus et al. (2011) had already reported that

the plasma levels of the same LysoPC were reduced in the obese mouse when fed with

an LC-PUFA-enriched diet. The protective effect of several LysoPCs had already

been suggested in humans consuming important amounts of fish. Lankinen et al.

(2009) demonstrated in an interventional study that subjects consuming four portions

of fish during 8 weeks had lower LysoPC plasma levels than those consuming no fish
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at all. They suggested that the decrease in LysoPC in the fish group may be related to

anti-inflammatory effects of n�3 fatty acids, given that LysoPC is the major bioactive

lipid component of oxidised low density lipoprotein (LDL) andmay be responsible for

many of the inflammatory effects of oxidised LDL (Aiyar et al., 2007). They demon-

strated that EPA and DHA were related not only with the plasma long-chain TG but

also with LysoPC.

8.2.4 Other metabolites

Among the other metabolites that have been reported by metabolomics as possible

biomarkers of metabolic diseases (Table 8.1), we can cite taurine as one of the most

popular. Also known as 2-aminoethanesulphonic acid, taurine is an organic acid par-

ticipating in the conjugation of cholesterol and bile acids, and several studies have

reported its possible involvement in obesity (Xie et al., 2012). Using both 1H NMR

and UPLC–MS approaches, metabolomics studies on urine of obese animal models

showed that taurine levels were low when compared with those of normal individuals.

This included Zucker rats (Waldram et al., 2009;Williams et al., 2006) and genetically

modified mice. In the latter case, also, lower hepatic expression levels of the cysteine

sulphinic acid dehydrogenase enzyme were reported (Schirra et al., 2008). From this

study, despite the fact that other authors reported that taurine levels actually increased

during obesity in the liver of rodents (Klein et al., 2011; Rubio-Aliaga et al., 2011;

Schirra et al., 2008), it has been concluded that a reduction in the hepatic taurine pro-

duction could be associated with obesity (Xie et al., 2012). However, the elevation of

hepatic taurine and the decreased production of biosynthesised taurine in obesity

induced by HFD are associated with depletion of the blood taurine concentrations.

In fact, this situation was already observed in both obese rodents (Duggan et al.,

2011b) and humans (Jeevanandam et al., 1991), and more interestingly, it has been

shown that it could be reversed by increasing the amount of dietary taurine intake.

It was proposed by Tsuboyama-Kasaoka et al. that the imbalance in taurine metabo-

lism would modify the ability to oxidise fatty acids and then that increasing taurine

intake would improve FA oxidation, counteracting the obesity-related taurine deple-

tion (Tsuboyama-Kasaoka et al., 2006).

Kim et al. (2009) also showed that metabolomics allows discrimination between

different phenotypes consuming the same deleterious diet. In this particular study, ani-

mals were classified as low- and high-weight gainers fed with either a normal diet

(ND) or a HFD. Analyses were made on urine by 1H NMR. The obtained data allowed

discrimination between both low- and high-weight gainers, even on the ND groups fed

with the same diet, suggesting that despite the same amount of food consumed, those

animals were actually different metabolically. Among the metabolites allowing dis-

crimination between these two groups, the authors cited betaine, taurine, acetone/

acetoacetate, phenylacetylglycine, pyruvate, lactate, and citrate. Surprisingly, this

was not the case for the low- and high-weight gainers HF-fed rats. The other two

groups that were clearly discriminated by the multivariate analyses were the low-

weight gainers on the ND and the high-weight gainers on the HFD, and the same

metabolites were found to be responsible for the discrimination, although the relative

weight was not the same.
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Li et al. (2010) investigated early metabolite changes during the development of

diet-induced hepatic IR using a Gpat1 �/� mouse model fed on a HFD (sunflower

oil). Animals were fed during 3 weeks. Both liver and plasma samples were analysed

by GC–MS and LC–MS using a nontargeted approach. In the liver, the increases in

three urea cycle-related metabolites were consistent with an enhanced use of amino

acids for gluconeogenesis as IR developed and were interpreted by the authors as

an early symptom of hepatic IR installation. Other metabolites modified in the

wild-type model were taurocholate, which reduction, in both liver and plasma, sug-

gests a possible decrease in bile acid synthesis or an increase in bile acid secretion,

yet neither of these aspects were further explored in the paper. In this sense, a recent

in vitro study by Brown et al. (2013) confirmed that in HepaGR cells developing a

steatotic phenotype, taurocholate levels were also reduced, suggesting that these cells

were probably at the onset of an IR installation.

In a similar study onmice, but using 1HNMR instead ofLC–MS for analysing plasma

metabolome, Duggan et al. (2011a) reported that metabolomics analysis of serum sam-

ples allowed differentiating the short- and long-term effects of chow and HFDs. The

major finding showed that the final week’s diet was the predominant contributor to

the metabolic profile (stronger than obesity). In this sense, several metabolites, like

valine, leucine, isoleucine, glutamine, and glutamate, responded similarly regardless

of the treatment in the final week, and these were associated with obesity. Other metab-

olites responded differently when the final week’s diet returned to a normal fat content

(H–C), including glucose, creatine, ornithine, taurine, pyruvate, alanine, and lactate. The

authors suggested that these changes resulted from the diet rather from obesity.

Bile acids are also a family of metabolites that has been mentioned in some studies

as discriminatory molecules in several metabolic diseases, especially those when liver

activity seems to be compromised. Among the data so far published, the study of

Kalhan et al. (2011) showed that the concentrations of glycocholate, taurocholate,

and glycochenodeoxycholate were markedly higher in subjects with NASH, while

taurocholate and glycochenodeoxycholate were only significantly higher in subjects

with steatosis. Although the mechanism behind these changes remains to be eluci-

dated, mechanistic hypotheses included an increased peroxisomal and microsomal

metabolism or possibly an adaptive response to the accumulation of triglycerides

in the liver. In any case, it seems that a compromised hepatic function would be

responsible of such altered profiles, as the healthy liver is able to efficiently capture

and remove bile acids from the hepatic portal circulation. The final possibility could

be the involvement of the IR condition, often reported in these patients, given that in

animal models of diabetes, higher plasma bile acid levels were reported. Furthermore,

this profile would be corrected by insulin therapy (Wei et al., 2009).

8.3 Cohort studies and biomarker identification

As described in Section 8.2, a large part of the data published so far on this topic was

dealing with animal models using feeding studies or human-controlled interventions

but often with protocols based only on the comparison between cases and control
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subjects. It is only recently that longitudinal observations either on small number of

individuals or on large cohorts were published. When dealing with cohorts, one

major problem is the sample size, which may be used especially when using

UPLC–MS as a tool, and often the ongoing studies have been carried out with

400–500 individuals when using this technique (see Chapter 1 for detailed explana-

tions). A much greater number of samples may be analysed when using NMR, and it

is always difficult to find a good compromise between number of subjects, sensitiv-

ity of the technique, and chemical composition of the biological tissue. Different

cohorts have been used both for determining biomarkers of metabolic dysfunctions

and for providing metabolite profiles predicting the risk of developing pathologies

such as T2DM.

Among these cohorts, much data have been published using the Framingham Off-

spring Study (http://www.framinghamheartstudy.org for more details). This cohort

consisted of subjects who were 30–50 years old and free of coronary heart diseases

and who were either genetic or adoptive offspring or spouses of offspring of the orig-

inal Framingham Heart Study (Wilson et al., 1991). Among the normoglycaemic sub-

jects (n¼2422) who had a routine examination between 1991 and 1995, 201

developed diabetes during the 12-year follow-up (cases). Metabolite profiling from

189 individuals (negative for diabetes diagnosis at the time the blood was collected)

(Wang et al., 2011) was performed at baseline using a targeted UPLC–MS approach.

Controls (189 subjects negative for diabetes diagnosis at the time the blood was col-

lected and who did not develop diabetes) were matched for age, BMI, and fasting glu-

cose. The experimental protocol is described in Figure 8.1. Five branched-chain

(BCAA) and aromatic amino acids, namely, isoleucine, leucine, valine, tyrosine,

and phenylalanine, were found to be highly associated with the future incidence of

diabetes. Further examination of the data revealed that the association of three

Predictio
n

Subject
selection

T2DM (n=189)

Non T2DM
(n=189)

Non T2DM

Inclusion 12 years Follow-up

Figure 8.1 Protocol of the metabolic screening carried out by Wang et al. (2011), in the frame

of the Framingham Offspring Study.
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molecules (isoleucine, tyrosine, and phenylalanine) could predict that individuals in

the top quartile had a five to sevenfold higher risk of developing diabetes, compared

with subjects in the lowest quartile. The association of these three amino acids was

also tested in another cohort, the Malmö Diet Cancer study (http://snd.gu.se/en/

catalogue/study/EXT0012, for more details). Similarly, people being in the upper

quartile had a fourfold higher risk compared with those in the lowest one. The strength

of this study is the long period of follow-up selected (12 years using a well-known

cohort), the utilisation of classical clinical biomarkers in association with a metabo-

lomics approach, and the validation of the potential prospective biomarkers using two

other cohorts. One of the weak points of using a targeted approach was the number of

quantified metabolites (61). However, this targeted approach permitted a highly spe-

cific identification of metabolites, but indications of the families of molecules, which

may be linked to diabetes, have already been found in case–control approaches using a

limited number of subjects as described in Section 8.2. Further data using other

targeted methods were recently published based on subjects from the same cohort.

Using 188 case and 188 control subjects of the same cohort who did not developed

diabetes, both being followed for 12 years, a UPLC targeted approach on 70 metab-

olites (Wang et al., 2013; Weir et al., 2013) showed that 2-aminoadipic acid, a product

of lysine degradation, was increased up to 12 years before the onset of diabetes but this

compound did not correlate well with the previously described amino acids suggesting

an action on a distinct pathway. In the same study, this compound was also shown to

modulate glucose homeostasis in mice using both a chow diet and a HFD and to

enhance in vitro insulin secretion from a pancreatic b-cell line and in isolated islets.

In this case, the replication was carried out on 162 individuals from the cohorts

previously mentioned. From these data, the authors hypothesised that this amino acid

product may contribute to a compensatory effect, upregulating insulin secretion to

maintain glucose homeostasis.

Other studies have investigated the potential role of lipids as predictive biomarkers

of developing metabolic diseases. The San Antonio Family Heart Study (http://www.

txbiomed.org/departments/genetics/genetics-detail?p¼24) has identified, after ana-

lyses of 300 lipid plasma species in 1000 individuals, some correlations between cir-

culating molecular lipid species (ceramide, lysophospholipids) and common

anthropometric, physiological, and lifestyle parameters such as age, sex, obesity,

and smoking (Weir et al., 2013). In the population-based KORA (Cooperative Health

Research in the Region of Augsburg) (http://epi.gsf.de/kora-gen/index_e.php) study, a

targeted lipidomic approach (Jourdan et al., 2012) showed that a decrease in chain

length or in unsaturation of the fatty acid moieties of various phosphatidylcholines

(PCs) was observed with increasing the fat-free mass index. Using the same cohort

and a targeted approach on 140 metabolites, a lysophospholipid-containing linoleic

acid (LPL-18:2) was also found correlated with impaired glucose tolerance and

T2DM (Wang-Sattler et al., 2012). In the Cancer and Nutrition (EPIC)-Potsdam study

(http://www.epic-oxford.org/home/) (n¼800 cases with a 7-year follow-up), and

using a targeted approach on 163 metabolites, with replication in the KORA cohort,

Floegel et al. (2013) confirmed the role that phospholipids derivatives may play,

showing that 14 metabolites were positively associated with T2DM risk. For example,
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diacyl-phosphatidylcholines (C32:1, C36:1, C40:5, etc.) were positive while sphingo-

myelin C16:1, LPC-18:2, acyl-alkyl-phosphatidylcholines and ether lipid isomers

(C34:3, C40:6, etc.) were significantly inversely related to T2DM risk. Furthermore,

when comparing extreme quintiles, two factors, each of them being composed of a

complex set of metabolites, are positively or negatively associated with risk of

T2DM. The data on amino acids also confirmed those obtained by Wang et al.

(2011). Lipid profiling carried out on subjects from the Framingham Offspring Study

(Rhee et al., 2011) previously described also identified a relationship between lipid

acyl chain content and diabetes risk. For example, lipids with lower carbon and

double-bond numbers were associated with increased risk of diabetes, and it was pro-

posed that triacylglycerols (TAGs) profiling included in clinical models could contrib-

ute to improve diabetes prediction, and efforts will be put to further study this

possibility by this research team using different cohorts. A nested case–control design

(2114 participants without history of diabetes) within the Cancer and Nutrition

(EPIC)-Potsdam study (27,548 subjects) has shown that fatty acid profile of erythro-

cyte membrane phospholipids (16:1n�7, 18:3n�6, and fatty acid ratios) and activity

of desaturase enzymes (stearoyl desaturase and △5 and △6 desaturases) are also

linked to the incidence of T2DM (Kröger et al., 2011). On the contrary, dietary fatty

acids showed only modest to low correlation with erythrocyte fatty acids and were not

associated with risk. In this study, blood was obtained at baseline between 1994 and

1998 along with a food frequency questionnaire, and follow-up questionnaires were

given every 2–3 years to identify chronic diseases such as T2DM during a mean

follow-up of 7 years where 673 cases of diabetes (evaluated by self-reporting under

the supervision of a physician) were retained for analyses. In summary, this study sug-

gests that low △5 and high △6 activities may predict the development of diabetes.

Metabolic profiling was also carried out using NMR on blood tests after a 12 h fast-

ing and after a 75 g of glucose load (OGTT). This study (Würtz et al., 2012b) included

a total of 1873 middle-aged participants, free of lipid-lowering medication and diabe-

tes treatment from two Finish population-based cohorts, the Pieksamaki cohort and

the Health 2000 study, and a 6.5-year follow-up (only for the Pieksamaki cohort).

In both cases (with or without OGTT), 19metabolites were associated with glycaemia.

These included gluconeogenesis substrates, branched-chain and aromatic amino

acids, and fatty acid species. These were associated with increased glycaemia except

for glycine, o6/total fatty acids, and double bonds/fatty acid chain. Gluconeogenesis

substrates such as alanine, lactate, and pyruvate were selective predictors of 6.5-year

post load of glucose indicating that these metabolites may be markers of a later dete-

riorating glucose tolerance. The role of BCAA was again confirmed, but none of the

lipid measures predicted future glycaemia in this study.

The potential role of BCAAs as biomarkers of T2DM and impaired fasting glucose

(IFG) was again confirmed in the TwinsUK (http://www.twinsuk.ac.uk) and Health

Ageing Study (Menni et al., 2013; Moayyeri et al., 2013). A combination of well-

established factors (such as age, BMI, and fasting glucose) with a semitargeted meta-

bolomics approach on 447 plasma metabolites and urine samples taken at the same

time as plasma was used in order to cover a broader range of metabolites than those

discussed above. Female subjects (n¼536 with IFG and 184 control individuals) from
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the KORA study were used as a replication cohort. Forty-two metabolites (carbohy-

drates, lipids, and amino acids) (Figure 8.2) were found to be significantly correlated

with T2DM, 22 of these already being reported to be associated with T2DM or IR.

Fourteen metabolites were correlated with IFG and 3-methyl-2-oxovalerate, the stron-

gest predictive biomarker for IFG after glucose (Menni et al., 2013). Furthermore,

urine was also shown to be a potential biofluid to be analysed as this compound
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was significantly correlated with IFG, and this may help disease prediction and

consequently early intervention. Considering that 3-methyl-2-oxovalerate is a

branched-chain keto acid derivative from isoleucine (Figure 8.2), the authors con-

sequently wondered if the products of BCAA catabolism, which primarily occurs

in the mitochondria, would not be molecules that are associated with diabetes and

not the elevated levels of BCAAs themselves.

High-throughput metabolite profiling on cohorts is also now being studied for eval-

uating the possibility of predicting more advanced cardiometabolic diseases such as

atherosclerosis and coronary artery diseases (Shah et al., 2012a,b; Wurtz et al., 2012a)

and also chronic kidney diseases (Rhee et al., 2013). NMR analyses of blood samples

(untargeted metabolomics approach) from the Cardiovascular Risk in Young Finns

Study (http://youngfinnsstudy.utu.fi, for more details) (1595 individuals aged

24–39) was combined with measurements of circulating lipids, lipoprotein subclasses,

and carotid intima–media thickness (IMT), markers of subclinical atherosclerosis

done at 6 years’ interval. Quantification of circulating metabolites improved risk strat-

ification of atherosclerosis in comparison with classical lipid risk factors, and sys-

temic levels of 22:6n�3, glutamine, and tyrosine were identified as predictors of

carotid IMT, showing the potential of this approach for strategies in the prevention

of cardiovascular events (Wurtz et al., 2012a). A total of 69 metabolites (a targeted

approach) including 45 acylcarnitines and 15 amino acids were quantified in plasma

samples of 2023 patients with a follow-up of about 3 years undergoing cardiac cathe-

terisation from the MURDOCK CV Study (https://www.murdock-study.com, for

more details) (Shah et al., 2012a,b). The objective was to combine metabolic profiling

with clinical data (LDL and HDL cholesterol, triglycerides, glucose, etc.) in order to

improve risk classification. Three factors (metabolite families), fatty acids (factor 12)

and short- and long-chain dicarboxylacylcarnitines (factors 2 and 3), were shown to be

independently predictive of future cardiovascular events (death/myocardial infarc-

tion), and their utilisation improves risk discrimination when combined with classical

clinical data. In the Malmö Diet Cancer Cardiovascular Cohort, Magnusson et al.

(2013) found branched-chain and aromatic amino acids as an early link between dia-

betes and CVD susceptibility during 12 years of follow-up (Magnusson et al., 2013).

In order to evaluate if serum metabolomics profile alteration could be used to find

early and specific markers of chronic kidney disease (CKD), which is nowadays eval-

uated using serum creatinine and urea, Rhee et al. (2013) followed for 8 years 1434

participants who did not have CKD at inclusion in the Framingham Heart Study. Dur-

ing that period, 123 individuals out of the 1434 subjects developed CKD. Metabolic

profiling was achieved on plasma baseline samples and on plasma and urine samples

from patients undergoing aortic and renal vein catheterisation (n¼9). Sixteen metab-

olites were significantly associated with incident CKD. Among them, 13 were higher

in cases compared with individuals who did not develop a CKD. These markers were

tryptophan-derived metabolites, choline derivatives, citric acid cycle intermediates,

purine metabolites, and two LysoPCs (18:1 and 18:2), both of them being lower in

cases. Eight metabolites, namely, citrulline, choline, kynurenic acid, hydroxyindolea-

cetic acid, aconitate, isocitrate, xanthosine, and b-aminoisobutyric acid, were

highlighted as potential candidate biomarkers of CKD risk.
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The combination of clinical data obtained from cohorts follow-up with metabolo-

mics now offers a great potential to discover novel biomarkers and to predict the evo-

lution of health status towards chronic metabolic pathologies, and this could offer in

the future the possibility of developing new nutritional strategies to delay the onset of

such diseases. However, looking at studies carried out on large cohorts (Valdes et al.,

2013; Yu et al., 2012), tissue metabolomics profiles are known to change with age.

Consequently, the study protocol should be carefully designed in order to take into

consideration the possible changes, which may occur between the baseline or inter-

mediary measurements, and the declaration of the pathology obtained using the clas-

sical clinical biomarkers.

8.4 Isolating in situ biomarkers

In the last few years, the possibility to detect in situ a wide number of metabolites and

families of compounds based on MS methods has been offered to scientists interested

in obtaining the distribution of biological compounds over a tissue section with a high

resolution. The two most popular approaches are matrix-assisted laser desorption/

ionisation–mass spectrometry, which needs the cocrystallisation of the sample with

a matrix before to be irradiated by a laser, and secondary ion mass spectrometry

(SIMS), where the analyte is directly desorbed by a primary ion bombardment. As

explained above, the main advantage of these techniques when compared with other

chemical imaging techniques lies in the ability to acquire a large number of biological

compounds in mixture with an excellent sensitivity thanks to the time-of-flight (ToF)

mass analyser (Touboul et al., 2011).

Despite all the advantages offered by the metabolic imaging based on MS, only a

few studies have utilised this approach in order to elaborate the metabolic in situ image

of a tissue or organ at a given time. In this sense, most of the scientists have focused

their interest on the hepatic metabolic imaging, especially related to the fatty liver. Le

Naour et al. published one of the first reports based on this kind of metabolomics

approach. They applied the synchrotron FTIR (Fourier transform infrared) and ToF–-

SIMS microspectroscopies on hepatic biopsies from patients suffering from steatosis

(Le Naour et al., 2009). Their analyses of the liver samples suggest that the lipid envi-

ronment between the inside and the outside of the steatotic vesicles was actually dif-

ferent. The differences seemed to be based on a selective enrichment of cholesterol

and DAG species carrying alkyl chains. DAG C36 were found inside the vesicles,

while the DAG C30 were specifically detected outside. Much more interesting was

the comparison of the same sample of the nonsteatotic part of the fatty liver with nor-

mal livers. The spectrometry data revealed that although a normal histological aspect

was reported, small lipid droplets corresponding to the first steps of lipid accretion

discriminate both phenotypes. Another similar study by Debois et al. in 2009 also

reported important differences in the lipidomic profiles of normal and steatotic liver

samples (Debois et al., 2009). The ToF–SIMS analysis showed that the normal human

liver was actually zoned and that in some of these areas, very similar lipids to those
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detected in areas of the fatty livers were found, which was not characterised as stea-

totic ones by the histological control performed on serial tissue sections. Regarding

the molecules characterising the metabolomics signature of the steatotic livers, the

results were in accordance with those of Le Naour et al., showing the accumulation

of TAG, DAG, MAG, and fatty acids, together with a dramatic depletion of vitamin E

and a selective macrovacuolar localisation of cholesterol. Further, these ion species

were concentrated in small vesicles of a few micrometres. A third study from a dif-

ferent team explored also the differential intrahepatic zonation in simple steatosis and

NASH biopsies (Wattacheril et al., 2013). In this case, the authors hypothesised that

specific phospholipid zonation may exist in the liver and that this specific phospho-

lipid abundance and distribution may be associated with histological disease. Using a

matrix-assisted laser desorption/ionisation–imaging mass spectrometry imaging, they

found that effectively, a strong zonal distribution existed for 32, 34, and 36 carbon PCs

in controls and steatotic biopsies but that this metabolic signature disappeared in

NASH specimens. This was especially true for some of the lipid species such as

PC 34:1 and PC 36:2. Finally, Magnusson et al. (2008) provided an example of the

application of ToF–SIMS imaging on extrahepatic tissues. They used this technology

to characterise the lipid distribution of the human skeletal muscle biopsies. In sum-

mary, they found that phosphocholines were located at the edge of the fibres (sarco-

plasma), while DAG was reported in the intracellular areas, where low TAG and

cholesterol intensities were also detected.

8.5 Conclusions and future trends

Approaches using different animal models, nutritional interventions in human, and

clinical and biofluids analyses of case vs. control individuals enrolled in cohort studies

have been published within the past 10 years using metabolomics and other “omics”

techniques in order to find early biomarkers to identify population at risk to develop

metabolic diseases. Animal studies have shown that the metabolome may change

along with the development of metabolic disorders and that those changes can be

reflected in specific metabolic signatures or profiles. In this sense, several families

of metabolites were found to be altered at the onset of the IR and obesity of

T2DM installation. Among them are several acylcarnitines and BCCA, which appar-

ently are interconnected. Several metabolomics studies revealed that changes in those

metabolites could reflect early mitochondrial dysfunction, especially at the

b-oxidation capacity. Although both animal and human studies agree with the idea

that these metabolites could be considered as biomarkers of some metabolic disorders,

the mechanism behind these changes remains to be elucidated, although the role of

BCKD enzymes at the adipose tissue levels cannot be discarded. The other big family

of metabolites being strongly affected by the development of metabolic disorders and

therefore susceptible to be considered as biomarkers is the LysoPCs, which seem to be

rather inflammatory indicators than markers of a particular metabolic status. Despite

the important volume of papers published concerning phospholipids as biomarkers, no
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mechanistic information is available today, and further studies would be needed in

order to elucidate their role during the installation of metabolic disorders. In cohort

studies, the combination of metabolomics with the classical clinical parameters per-

mits to give a better prediction of the evolution of health status towards chronic met-

abolic pathologies. However, most of the studies so far published used analyses of a

limited number of metabolites, which may be a limitation, compared to what may be

obtained using untargeted approaches. For example, targeted studies on 257 metabo-

lites carried out in two large cohort studies, the Nurses’ Health Study and Health Pro-

fessionals Follow-up Study, have shown that the majority of plasma metabolites were

reproducible over a 24 h processing delay and within individual subjects over

1–2 years (Townsend et al., 2013). However, all these cohorts that have been used

so far have a 7–12-year follow-up, which represents a gold asset for carrying out such

studies. In general, the blood has been used as a biofluid of choice, but recent data also

pointed out that urine would also give complementary information.

The recently published studies carried out using large cohorts but most of the time

using targeted analyses on a small number of metabolites show strong evidence

supporting the use of BCAAs as potential biomarkers of diseases such as T2DM

(Batch et al., 2014). However, questions regarding the mechanisms underlying the

correlation between BCAAs and diseases have to be answered before those can be

used in clinical practices for disease detection.
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9.1 Introduction

Nutritional epidemiology is a central discipline in the development of public health pol-

icies aiming at promoting and maintaining healthful dietary patterns in general or for

specific populations. The main purposes of nutritional epidemiology are (i) to explore

diet–health relationships and determine the dietary factors involved and (ii) to monitor

the nutritional status of populations and identify their major determinants for the devel-

opment and evaluation of public health interventions.Numerous studies frombasic, clin-

ical, and epidemiological research sought to identify and clarify the role of dietary

factors in affecting well-being and increasing or decreasing the risk of chronic diseases.

This research has highlighted, with varying degrees of certainty, the role of some dietary

factors in the incidence of chronic diseases such as cancer, cardiovascular disease, obe-

sity, diabetes, and osteoporosis. However, there are still many unresolved questions in

nutrition, and literature is still full of inconsistencies. A number of reasons contribute to

this including the following two. First, the number of dietary factors considered so far is

very restricted compared to the wide range of chemical constituents, additives, and con-

taminants supplied by food. Second, important disparities exist in individual phenotypes,

thus in individual nutritional requirements for optimal health, which has substantiated

the concept of personalised nutrition (Gibney andWalsh, 2013; Kaput, 2008). Nutrition

research has recently entered a new era, where the complexity of the diet and of its rela-

tionships with genotype, lifestyle, and diseases is appraised with new methodological

approaches, including “omics” technologies, to resolve questions thatwere not answered

with classical approaches (Afman andMuller, 2006; Trujillo et al., 2006). Genome-wide

association studies (GWAS) have shown that genetic polymorphisms are poor predictors

of disease risks, and this has reinforced the need to understand the gene–environment

(including diet)–health relationships (Corella et al., 2009;Minihane, 2013). On the other

hand, large interindividual variations are observed in response to nutritional challenges,

due to differences in gene polymorphisms, epigenetic patterns, or gut microbiota com-

position (Lampe et al., 2013; Zeisel, 2007; Zivkovic et al., 2009). These findings raised

the need for large-scale prospective studies on multiethnic cohorts with genotyping and

extensive phenotyping of individuals based on biochemical, functional, imaging, and
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omic measurements. But in contrast with the huge investment in cutting-edge technol-

ogies to analyse genotype and health phenotype, themethods and tools available to char-

acterise and quantify dietary intakes of individuals are far fromoffering the accuracy and

level of detail required for modern nutritional epidemiology.

The purpose of dietary assessment is to estimate intakes of foods, nutrients, and

bioactive compounds and to assess individuals’ nutritional exposures for the explora-

tion of associations with health outcomes and the monitoring of population nutritional

status. These data are still extremely difficult to obtain, especially at the individual

level, due to the wide range of foods consumed and the high heterogeneity and var-

iability of human dietary choices. Methods currently used to assess food intake are

based on self-reporting instruments such as dietary records, 24 h recalls, or food fre-

quency questionnaires (FFQs). The advantages and limitations of these methods have

been recently described in detail (Tucker et al., 2013). With all self-reporting instru-

ments, individuals may misreport dietary intakes because of memory or literacy prob-

lems and because of a desire to be perceived as compliant to a socially desirable

behaviour or to reduce the inconvenience of burdensome reporting (Macdiarmid

and Blundell, 1998). Diet records showed acceptable accuracy in small- or

medium-sized studies with motivated volunteers, although some subjects still tend

to modify their food intake, eating less and avoiding complex dishes on recording

days. However, dietary records are considered too costly and burdensome for appli-

cation in large cohorts. The method of 24 h recalls is appropriate for dietary assess-

ment at the population level. But due to the wide day-to-day variability in food

choices, there is a high risk that individuals can be misclassified in quintiles of intakes

where only one 24 h recall is considered. Multiple 24 h recalls are thus necessary to

correctly reflect habitual intakes of foods or nutrients for individuals, which increases

the cost and burden of assessment. A Finnish study estimated that between 7 and 14

24 h recalls would be required to accurately assess most common nutrients and up to

21 repetitions would be necessary for more variable nutrients such as vitamin A

(Hartman et al., 1990). Although statistical algorithms have been developed to esti-

mate usual intake of episodically consumed foods with a reduced number of 24 h

recalls (Kipnis et al., 2009), obviously multiple 24 h recalls cannot provide precise

data for all foods. FFQs, which retrospectively record dietary habits over periods

as long as 1 year, are still the most cost-effective tools in cohort studies. However,

their reliability has been challenged in the past decade in publications reporting much

stronger associations between health outcomes and food intakes whenmultiple dietary

records or biomarkers were used rather than FFQs (Bingham et al., 2003, 2008;

Freedman et al., 2006; Kristal et al., 2005). Limitations of FFQs have long been

recognised: recall errors and misreporting inherent to self-reporting, failure to capture

a large spectrum of dietary diversity due to food grouping, and imprecision due to dif-

ficulty to assess portion sizes. Measurement errors are a real concern in nutritional

epidemiology since even modest errors in classification of volunteers into quintiles

of intake may greatly attenuate the observed relative risks. Marshall and Chen

(1999) estimated that with a 30% misclassification for intake, which is common in

observational studies, a true relative risk of 5 would be observed as equivalent to

1.8. Evidence is mounting that misclassification of volunteers with FFQ data led to
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the attenuation of associations between diet and diseases, especially for diet–cancer

associations, in large cohort studies conducted so far (Schatzkin and Kipnis, 2004).

Beyond imprecision attached to food intake data obtained with questionnaires, con-

cern also exists for the conversion into nutrient/micronutrient intake using tables of

food composition. Food databases usually compile food contents for 20–60 nutrients

and micronutrients in hundreds of foods and dishes (Champagne and Wroten, 2012).

Many nonnutrients are not covered yet, and although the situation will certainly

improve within 5–10 years, comprehensive coverage of all nonnutrients for the hun-

dreds of thousands of existing foods is unrealistic. For nutrients present in food data-

bases, a source of imprecision is the high content variability that may exist within

foods depending, for example, on the mode of production, processing, and preserva-

tion or on varieties/cultivars for plant foods. This variability is not reflected in the

mean values provided by databases; therefore, calculations of nutrient/nonnutrient

intakes can lack precision and accuracy in some cases. Since the mean values can dif-

fer between databases depending on the raw data aggregated, the calculated nutrient/

nonnutrient intake can also differ according to the database used.

To overcome some of the problems (imprecision, cost, and burden) associated with

dietary assessment using questionnaires, new tools have been developed, thanks to infor-

mation and communication technology advances. Internet-based 24 h recalls are now

applied in large cohort studies, which reduces the logistic burden compared to classical

methods based on dieticians’ interviews (Hercberg, 2012; Subar et al., 2012).With user-

friendly interfaces, warning and help messages, and flexibility in time for questionnaire

filling, the self-administered online questionnaires reduce the completion time and allow

a greater level of details. Mobile phone applications are under development for self-

monitoring of dietary intake (Six et al., 2010). The use of integrated digital camera with

image processing software allows identification of foods and estimation of portion size

(Stumbo, 2013). These tools are particularly promising to assist dietary information col-

lection in some specific populations such as adolescents. However, evenwith these tech-

nological innovations and wise combination of instruments, self-reporting methods still

hold inherent limitations. They are unlikely to meet alone the challenges of dietary

assessment for modern nutritional epidemiology, among which are as follows:

l High-throughput assessment of individual dietary intakes for very large-scale population

studies, including GWAS.
l Applicability to all types of populations including infants, older people, obese adolescents,

men, and women for various geographic origins, immigrants, and low-income populations.
l Comparability across populations and across studies to allow meta-analyses.
l High-level accuracy for a wide range of dietary factors: consumption of food groups such as

plant foods, cereals, meat, and dairy products or specific foods including some infrequently

consumed and intake not only of energy, proteins, fats, sugars, minerals, and vitamins but

also of food bioactives, additives, and contaminants.
l Ability to characterise dietary behaviours beyond food intakes: dietary patterns, level of

adherence to dietary recommendations, food purchase habits, and culinary habits.
l Assessment of physiological exposures of individuals to a large panel of food nonnutrients

likely to exert beneficial or detrimental effects on human health, including some still

unknown compounds.

Using metabolomics to evaluate food intake: applications in nutritional epidemiology 169



9.2 Biomarkers as a complementary approach
to questionnaires

The complementary approach to questionnaires is the use of biochemical indicators,

the so-called biomarkers. Biomarkers may reveal physiological exposure to nutrients

and nonnutrients and can also indirectly reflect food intake. Biomarkers represent

objective phenotypic assessments, typically based on a blood or urine sample, but they

may also use other samples or whole-body measurements. Errors associated with bio-

marker measurements are strictly independent from measurement errors associated

with questionnaires. Biomarkers are useful at different levels in nutritional epidemi-

ology. Intake (and exposure) biomarkers can be used to validate FFQs though com-

parison of intake data obtained by both methods for representative foods. They

provide independent data to complement questionnaires for the stratification of sub-

jects into quintiles of consumers. Biomarkers are expected to assess individuals’ die-

tary intake and nutritional exposures with a high precision allowing comparison of

subjects on a continuous scale of values instead of using stratification into quintiles.

Beyond observational studies, biomarkers are often used to monitor subject

compliance in nutritional intervention studies. A key attribute of biomarkers is that

they measure the physiological exposure of individuals to nutrient and nonnutrient

metabolites, reflecting not only the food intakes but also the bioavailability of the food

components.

There are several different kinds of biomarkers and their use has a range of

strengths and limitations (Jenab et al., 2009). Nutritional or dietary biomarkers are

used for assessing nutrient status or food intake. This may be the more recent or

the longer-term food intake, or both, and each biomarker is typically related to a spe-

cific food item, food component, or nutrient. Recovery biomarkers represent the bal-

ance between total intake and excretion/degradation over a defined time period,

whereas prediction biomarkers measure a fraction of the analyte proportional to the

total intake. To be classified in these categories, the correlation with the true intake

should be >0.8 (Jenab et al., 2009). The short-term nutritional biomarkers typically

represent food-derived compounds with short half-lives, and these compounds are

measures of recent food intake. Examples include blood plasma caffeine as a measure

of caffeine intake (Kamimori et al., 2002), breath ethanol for recent alcohol intake

(Friel et al., 1995), and total urine proline betaine as a marker of orange juice intake

(Heinzmann et al., 2010). These compounds are intake biomarkers in the sense that

they come directly from the food and therefore represent directly the consumption

and may turn out to be replacement biomarkers, always representing a small but fixed

fraction of the intake, upon thorough validation. However, host factors play a role at

least for the first two of these compounds since they are metabolised and the derived

metabolites may represent to some extent the same intakes, e.g., paraxanthine

(Klebanoff et al., 1998) and ethyl glucuronide (Hoiseth et al., 2010). The latter is used

in forensics as a prediction biomarker because it lingers in plasma and urine for some

additional hours when ethanol itself cannot be measured anymore. For some groups of

compounds, methodologies exist to cover all in a single biomarker, for example,
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isothiocyanate mercapturic acids as measures of total crucifer intakes (Vermeulen

et al., 2003). However, more detail may be gained by measuring specific mercapturic

acids (Andersen et al., 2013). All of these markers may be seen as concentration bio-

markers that are useful to assess the actual recent dietary intakes and to predict mea-

surement errors by the 24 h assessment methods. The metabolically derived markers

may also be seen as markers of the efficiency of host metabolism, and ratios between

metabolites may reflect individual capacity or susceptibility. For example, the ratio

between certain caffeine metabolites has been used as a phenotypic measure of hepatic

CYP1A2metabolism (Kall and Clausen, 1995). Most currently known short-term bio-

markers of food intake have this inherent duality, which adds to the biological vari-

ability between individuals eating the same food items. Many nutritional biomarkers

with short half-lives are continuously present in body fluids because they are also

formed endogenously. For instance, plasma trimethylamine oxide as a marker of

recent fish intake (Andersen et al., 2014b; Wang et al., 2014) or urinary methylhisti-

dines as markers of animal protein intakes (Dragsted, 2010) are marker compounds

that are also formed endogenously from cholines by our gut microbiota and from

restructuring of our muscle proteins, respectively. A background level must therefore

be known or estimated and subtracted for their application in food intake assessment.

There are therefore few perfect biomarkers of recent intake; however, a large number

of compounds are now known to reflect recent food intakes (Scalbert et al., 2014), and

they may therefore be used in combination to roughly assess the compliance in inter-

vention studies and/or the validity of dietary recall information. Theymay also be used

in observational studies for foods that are consumed on a daily basis, but because of

their reflection of short-term intakes, they are not accurate markers at the individual

level of less commonly ingested foods. However, they may still be used to assess dif-

ferences in intakes at the group level, e.g., between quintiles of subjects with different

waist circumferences or between genders.

Several foods contain characteristic substances that have longer half-lives and

therefore accumulate as a function of average intake over a more extended period

of time. These compounds are often more lipophilic, or they are degraded or excreted

more slowly due to specific affinities or transporters. Markers of food intakes in this

category include long-chain omega-3 fatty acids in blood as a measure of seafood

intakes, alkylresorcinols as markers of specific whole grain intakes, and total plasma

carotenoids as measures of average fruit and vegetable intakes (Baldrick et al., 2011;

Marklund et al., 2013; Silva et al., 2014). These markers may in general represent the

balance between average intake and excretion over several days or even weeks and

may therefore be seen as recovery dietary biomarkers; however, they all have flaws

related to special groups such as vegans, subjects eating whole-grain oat or maize, and

supplement users (Garcia et al., 2010; Johansson-Persson et al., 2013; Silva et al.,

2014). Nutritional biomarkers representing a longer-term balance may also be mea-

sures of nutrients actively retained by our organism, for example, manymicronutrients

such as potassium and vitamin C as well as endogenous compounds such as steroids.

Such compounds may be good markers for longer-term intake, representing days,

weeks, or even months provided they have not reached a level where active transport

out of the body is triggered. For instance, vitamin C is lost slowly when body stores are
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low, whereas almost 100% of a dose may be quickly eliminated in case of sufficient

stores (Levine et al., 1996). In some cases, these markers may be used as nutritional

status biomarkers (typically concentration biomarkers) to assess the actual status for

a nutrient in order to evaluate whether it is adequate or points to a deficiency. Only

targeted methods of analysis may cover some of the established biomarkers in this

category, but many new biomarkers representing longer-term exposures are likely

to surface from the explorative (untargeted metabolomics) applications in the near

future.

9.3 Definition of the food metabolome

The “food metabolome” has been defined as the sum of metabolites directly derived

from the digestion of foods, their absorption in the gut, and biotransformation by the

host tissues and the microbiota (Manach et al., 2009; Scalbert et al., 2014). In nutri-

tional studies, the food metabolome is the sum of metabolites that reflect the intake of

any specific food. The emphasis is often put on those compounds that are specific to

the food, because they are common to either the food class, a specific food, or a com-

ponent present in that food. For instance, metabolites of flavonoids in general reflect

plant-derived foods and beverages; but some flavonoid classes mainly reflect a single

group of plant foods, for example, isoflavonoids mainly reflect soy food intakes and

anthocyanins the berry-derived foods and drinks with few exceptions. Metabolites

from a specific anthocyanin, for example, pelargonidin, may mainly derive from

strawberry and therefore be a part of the strawberry food metabolome together with

qualifier compounds such as strawberry aroma furaneols (Andersen et al., 2014a). The

food metabolome is still only partially known for any food, and for the majority of

food items, there is still very limited data originating from single-compound bio-

marker studies of the past. Large groups of important foods are still not well covered

and probably will need to await more sensitive instrumentation to map the more

unique characteristics of their food metabolomes. This is, for instance, the case for

most kinds of meats, oils, and spices and for refined foods based on potato, corn,

and wheat starches. So it may be estimated that it will take at least another 5–10 years

before we have a first reasonable coverage of the food metabolome.

9.4 Metabolomics as a tool for dietary biomarker
discovery

The realisation that the metabolomic profile was strongly influenced by recent dietary

intake sparked an interest in the use of this approach for the identification of novel

dietary biomarkers of intake. Nontargeted metabolomics is a data-driven approach;

thus, prior knowledge of food components and their metabolic fate is not required.

Candidate biomarkers are discovered on the basis of their appearance or increased
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concentration in biofluids after consumption of the food. Applications of metabolo-

mics in this field in general fall into three different study design approaches:

(i) Specific interventions to identify food markers in biofluids following consumption of the

foods of interest.

(ii) Use of cohort studies to search for biomarkers of specific foods by comparing consumers

and nonconsumers.

(iii) Analysis of dietary patterns in conjunction with metabolomic profiles to identify nutri-

types and biomarkers.

In recent years, the application of metabolomics has identified a number of putative

biomarkers of intake of certain foods including salmon, whole-grain wheat cereal,

berries, cruciferous vegetables, citrus fruits, nuts, coffee, cocoa, and red meat

(Table 9.1). One of the earliest biomarkers of dietary intake to be identified using

a metabolomics-based approach was trimethylamine N-oxide (TMAO): many meta-

bolomic studies have reported high levels in urine samples following fish consump-

tion (Lee et al., 2006; Lenz et al., 2004; Lloyd et al., 2011b). However, it should be

noted that TMAO can be produced endogenously and has also been reported as a

marker of meat intake in a number of studies (Dragsted, 2010; Stella et al., 2006).

As a result, further work is needed to assess its specificity, and it may be possible that

TMAO may be more useful as a dietary biomarker of protein as opposed to a specific

food, i.e., meat/fish. Moreover, a recent study assessing the effect of high- or low-

protein diets found that urinary TMAOwas highly correlated to daily urinary nitrogen

excretion (r¼0.89) and thereby consumed protein (Rasmussen et al., 2012). Finally, a

number of metabolomics-based studies have confirmed the use of 1-methylhistidine

as a biomarker of meat consumption (Cross et al., 2011; Dragsted, 2010; Stella et al.,

2006). The robust data consistently presented for 1-methylhistidine as a marker of red

meat support its further development for use in nutrition.

With respect to citrus fruits, a number of controlled interventions and cross-sectional

studies have independently identified proline betaine as a marker of citrus fruit intake

(Andersen et al., 2014a; Heinzmann et al., 2010; Lloyd et al., 2011a; May et al.,

2013; Pujos-Guillot et al., 2013). Heinzmann and co-workers performed an acute inter-

vention approach where eight volunteers consumed a standardised breakfast, lunch, and

dinner from day 0 until lunch on day 3. In the evening of day 2, a supplementary mixed-

fruit meal (apple, orange, grapefruit, and grapes) was introduced. Urine was collected

four times a day from themorning of day 1 until the evening of day 3.Metabolomic anal-

ysis of the urine revealedurinary excretionofproline betaine as a biomarker of citrus fruit

intake. Using participants of the INTERMAPUK cohort, this biomarker was confirmed

as amarker of citrus fruit: a receiver operating characteristic curve resulted in anAUCof

92.3%with a sensitivity and a specificity of 90.6% and 86.3%, respectively. In the study

performed by Lloyd and colleagues, an acute breakfast challenge approach was used.

Acute exposureof volunteers to orange juice resulted in the appearanceof proline betaine

and a number of biotransformed products in postprandial urine samples (Lloyd et al.,

2011a). More recently, another study confirmed proline betaine as a marker of citrus

intake by using a number of different study approaches including an acute intervention

and examination of low and high consumers in a cohort study (Pujos-Guillot et al., 2013).
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Table 9.1 List of candidate biomarkers of intake identified using a metabolomic approach

Dietary factor

Study

design

Number

of

subjects Sample type Analytical method

Discriminating metabolites/

candidate biomarkers References

Fruits

Mixed fruit

meal (apple,

orange, grapes,

and grapefruit)

Acute study 8 Urine (4.5 h

postprandial)

NMR Proline betaine Heinzmann

et al. (2010)

Citrus fruits Cross-

sectional

499 Urine (24 h)

Citrus fruits Acute study 12 Urine

(fasting)

FIE-FTICR-MS Proline betaine, hydroxyproline

betaine*

Lloyd et al.

(2011a)

Citrus fruits Cross-

sectional

80 Urine

(morning

spot)

LC–ESI–QTof; LTQ-

Orbitrap

Proline betaine; hydroxyproline betaine,

limonene 8,9-diol glucuronide*,

nootkatone 13,14-diol glucuronide*,

N-methyltyramine sulphate*,

naringenin 7-O-glucuronide, hesperetin
3¢-O-glucuronide

Pujos-

Guillot et al.

(2013)

Orange juice Acute study 4 Urine

(kinetics)

Orange juice Cross-over

intervention

12 Urine (24 h)

Apple Cross-over

intervention

24 Plasma

(fasting)

LC–ESI–Qtof 3-Hydroxyisobutyric acid, proline

betaine, p-cresol sulphate, bile acids,
lyso-PCs, acyl-carnitines

Rago et al.

(2013)

Orange/citrus Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

Proline betaine, hesperetin glucuronide Andersen

et al.

(2014a)

Aronia-citrus

juice

Intervention 51 Urine

(morning

spot)

LC–ESI–QTof Proline betaine*, ferulic acid* Llorach

et al. (2014)
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Strawberry Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

2.5-Dimethyl-4-methoxy-3(2H)-

furanone sulphate*

Andersen

et al.

(2014a)

Raspberries Acute study 24 Urine

(kinetics)

FIE-FTICR-MS;

GC–Tof-MS

Caffeic acid sulphate; methyl-

epicatechin sulphate; 3-

hydroxyhippuric acid

Lloyd et al.

(2011b)

Lingonberries Acute study 14 Urine (3 h

postprandial)

NMR Hippuric acid, 4-hydroxyhippuric acid Lehtonen

et al. (2013)

Cruciferous

vegetables,

citrus and soya

2 week-

cross-over

intervention

10 Urine

(fasting)

LTQ-FT LC–MS/MS Proline betaine*, sulforaphane*,

hippuric acid*, genistein*, daidzein*,

equol*, glycitein*,

O-desmethylangolensin*, trigonelline*,

(iso)valerylglycine*,

hydroxyphenylacetyl-glycine*,

nicotinuric acid*

May et al.

(2013)

Cruciferous

vegetables,

citrus, and

soya

Cross-

sectional

93 Urine

(fasting)

LTQ-FT LC–MS/MS Proline betaine

Vegetables

Broccoli Acute study 24 Urine

(kinetics)

FIE-FTICR-MS Tetronic acid*, L-xylonate/L-lyxonate*,

erythritol*

Lloyd et al.

(2011b)

Cruciferous

vegetables

Intervention 20 Urine

(kinetics)

NMR S-Methyl-L-cysteine sulphoxide Edmands

et al. (2011)

Cruciferous

vegetables

Acute study 17 Urine

(kinetics)

LC–ESI–QTof Sulforaphane N-acetyl-cysteine, Iberin
N-acetyl-cysteine*, N-acetyl-(N¢-

benzylthiocarbamoyl)-cysteine,

sulforaphane N-cysteine*, N-acetyl-
S-(N-3-methylthiopropyl)cysteine*,

Andersen

et al. (2013)
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Table 9.1 Continued

Dietary factor

Study

design

Number

of

subjects Sample type Analytical method

Discriminating metabolites/

candidate biomarkers References

N-acetyl-S-(N-allylthiocarbamoyl)

cysteine (AITN-NAC)*,

4-iminopentylisothiocyanate*, erucin

N-acetyl-cysteine*
Beetroot Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

4-Ethyl-5-amino-pyrocatechol

sulphate*, 4-ethyl-5-methylamino-

pyrocatechol sulphate*,

4-methylpyridine-2-carboxylic acid

glycine conjugate*

Andersen

et al.

(2014a)

Cruciferous

vegetables

Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

Sulforaphane N-acetyl-cysteine, Iberin
N-acetyl-cysteine*, N-acetyl-S-(N-3-
methylthiopropyl)cysteine*, N-acetyl-
S-(N-allylthiocarbamoyl)cysteine

(AITN-NAC)*

Red cabbage Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

3-Hydroxy-3-(methyl-sulphinyl)

propanoic acid*, 3-hydroxy-hippuric

acid sulphate*, 3-hydroxy-hippuric

acid*

Cereals

Whole rye

grain

Cross-over

intervention

20 Urine (24 h) LC–ESI–QTof 3,5-Dihydroxycinnamic acid sulphate*,

2-aminophenol sulphate*, azelaic acid*,

3-(3,5-dihydroxyphenyl)-1-propanoic

acid sulphate* and glucuronide*,

enterolactone glucuronide*,

indolylacryloylglycine*, ferulic acid-4-

O-sulphate*, 2-4-dihydroxy-1,4-
benzoxazin-3-one sulphate*,

3,5-dihydroxyphenylethanol sulphate*

Bondia-

Pons et al.

(2013)
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Whole-grain

sourdough rye

bread

Intervention 28 Urine (24 h) FIE-FTICR-MS 2-Hydroxy-N-(2-hydroxyphenyl)
acetamide (HHPAA) glucuronide*, N-
(2-hydroxyphenyl)acetamide (HPAA)

sulphate*, 2-hydroxy-1,4-benzoxazin-

3-one (HBOA) glucuronide*,

N-feroylglycine sulphate*, 2-hydroxy-

N-(2-hydroxyphenyl)acetamide

(HHPAA) sulphate*

Beckmann

et al. (2013)

Beverages

Coffee 18 Urine

(fasting)

HILIC–UPLC–ESI–QTof N-Methylpyridinium, trigonelline Lang et al.

(2011)

Coffee 9 Urine

(kinetics)

Coffee 68 Urine

(morning

spot, 24 h,

fasting)

FIE-FTICR-MS Dihydrocaffeic acid Lloyd et al.

(2013)

Coffee Cross-

sectional

39 Urine

(morning

spot)

LC–ESI–QTof; LTQ-

Orbitrap

Atractyligenin glucuronide*, cyclo

(isoleucyl-prolyl)*, 1-methylxanthine,

1,7-dimethyluric acid, kahweol oxide

glucuronide*, 1-methyluric acid,

trigonelline, dimethylxanthine

glucuronide*, 5-acetylamino-6-

formylamino-3-methyluracil (AFMU),

hippuric acid, trimethyluric acid*,

paraxanthine, 3-hydroxyhippuric acid,

1,3 or 3,7-dimethyluric acid*, caffeine

Rothwell

et al. (2014)

Black tea Acute study 3 Urine (24 h) NMR Hippuric acid*, gallic acid, 1,3-

dihydroxyphenyl-2-O-sulphate*
Daykin

et al. (2005)

Black tea Acute study 20 Urine

(kinetics)

NMR Hippuric acid*, 4-hydroxyhippuric

acid*, 1,3-dihydrophenyl-2-O-
sulphate*

van Velzen

et al. (2009)
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Table 9.1 Continued

Dietary factor

Study

design

Number

of

subjects Sample type Analytical method

Discriminating metabolites/

candidate biomarkers References

Tea (green and

black)

Cross-over

intervention

17 Urine (24 h) NMR Hippuric acid*, 1,3-dihydrophenyl-2-O-
sulphate*

van Dorsten

et al. (2006)

Chamomile tea Intervention 14 Urine

(morning

spot)

NMR Hippuric acid* Wang et al.

(2005)

Wine Intervention 61 Urine (24 h) NMR Tartrate*, 4-hydroxyphenylacetate*,

mannitol*, ethanol*

Vazquez-

Fresno et al.

(2012)

Mixed red

wine and grape

juice extracts

Intervention 58 Urine (24 h) NMR, GC–Tof–MS Syringic acid, 3-hydroxyhippuric acid,

4-hydroxyhippuric acid,

3-hydroxyphenylacetic acid*,

4-hydroxymandelic acid, vanilmandelic

acid, hippuric acid,

3-hydroxyphenylpropionic acid, 1,2,3-

trihydroxybenzene, 4-hydroxybenzoic

acid, homovanillic acid, dihydroferulic

acid, phenylacetylglutamine

van Dorsten

et al. (2010)

Mixed red

wine and grape

juice extracts

Intervention 35 Urine (24 h) GC–MS, LC–MS 3-Hydroxyhippuric acid*, syringic

acid*, pyrogallol*,

3-hydroxyphenylacetic acid*,

3-hydroxyphenylpropionic acid*,

3,4-dihydroxyphenylpropionic acid*,

indole-3-lactic acid*, hippuric acid*,

catechol*, 4-hydroxyhippuric acid*,

3,4-dihydroxyphenylacetic acid*,

vanillic acid*

Jacobs et al.

(2012)
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Animal products

Salmon Acute study 24 Urine

(kinetics)

FIE-FTICR-MS Anserine, methylhistidine,

trimethylamine-N-oxide
Lloyd et al.

(2011b)

Mixed fish Meal study 17 Urine

(kinetics)

UPLC–ESI–QTof Trimethylamine-N-oxide Andersen

et al.

(2014b)

Oily fish 67 Urine

(morning

spot, 24 h,

fasting)

FIE-FTICR-MS Methylhistidine Lloyd et al.

(2013)

Cod Meal study 10 Urine

(kinetics)

UPLC–ESI–QTof Trimethylamine-N-oxide,
arsenobetaine, methylhistidines,

1,2,3,4-tetrahydro-b-carboline-3-
carboxylic acid, N6,N6,N6-trimethyl-

lysine

Stanstrup

et al. (2014)

Cod Meal study 11 Plasma

(kinetics)

UPLC–ESI–QTof Trimethylamine-N-oxide,
arsenobetaine, creatine,

methylhistidines, 1,2,3,4-Tetrahydro-b-
carboline-3-carboxylic acid,

docosahexaenoic acid, taurine, proline,

phenylalanine

Stanstrup

et al. (2014)

Dairy products

Whey protein Meal study 12 Plasma

(kinetics)

UPLC–ESI–QTof Branched-chain amino acids,

phenylalanine threonine, methionine,

kynurenine, gamma-glutamyl-leucine,

gamma-glutamyl-methionine

Stanstrup

et al. (2014)

Whey protein Meal study 11 Plasma

(kinetics)

UPLC–ESI–QTof Branched-chain amino acids,

phenylalanine, threonine, methionine,

Stanstrup

et al. (2014)
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Table 9.1 Continued

Dietary factor

Study

design

Number

of

subjects Sample type Analytical method

Discriminating metabolites/

candidate biomarkers References

glutamic acid, kynurenine, citrulline, a-
keto-3-methylvaleric acid, 3-hydroxy-2-

methylbutyric acid, hydroxybutyric

acids, a-hydroxydecanoic acid, lauric
acid, myristic acid, propionyl carnitine

Casein Meal study 11 Plasma

(kinetics)

UPLC–ESI–QTof N-phenylacetyl-methionine, methionine

sulphoxide

Stanstrup

et al. (2014)

Casein Meal study 11 Urine

(kinetics)

UPLC–ESI–QTof N-phenylacetyl-methionine, beta-Asp-

Leu

Stanstrup

et al. (2014)

Cheese Cross-over

intervention

Urine

(kinetics)

UPLC–ESI–QTof Tyramine sulphate, isobutyryl glycine

(and other acyl glycines), xanthurenic

acid, 4-hydroxyphenylacetic acid

Hjerpsted

et al. (2014)

Other foods

Cocoa powder Acute study 10 Urine

(kinetics)

LC–ESI–QTof Vanilloylglycine*, 6-amino-5-[N-
methylformylamino]-1-methyluracil*,

3-methyluric acid*, 7-methyluric acid*,

3-methylxanthine*, 7-methylxanthine*,

3,7-dimethyluric acid*, theobromine,

caffeine, trigonelline*,

hydroxynicotinic acid*, tyrosine,

3,5-diethyl-2-methylpyrazine*,

hydroxyacetophenone*, cyclo(Ser-

Tyr)*, cyclo (Pro-Pro)*, epicatechin-

O-Sulf*,O-methylepicatechin*, vanillic

acid, 4-hydroxy-5-(3,4-

dihydroxyphenyl)-valeric acid*,

5-(3¢,4¢-dihydroxyphenyl)-

Llorach

et al. (2009)

1
8
0

M
etab

o
lo
m
ics

as
a
T
o
o
l
in

N
u
tritio

n
R
esearch



valerolactone glucuronide* and

sulphate*, 3¢-methoxy-

4¢-hydroxyphenylvalerolactone* and

glucuronide*

Cocoa powder Acute study 10 Urine (24 h) LC–ESI–QTof Hydroxynicotinic acid*, 6-amino-5-[N-
methylformylamino]-1-methyluracil*,

7- and 3-methyluric acid*, 7- and

3-methylxanthine*, 3,7-dimethylruric

acid*, cyclo(propylalanyl)*,

3,5-diethyl-2-methylpyrazine*,

theobromine*, vanillic acid-Gluc* and -

Sulf-Gluc*, vanilloylglycine*,

4-hydroxy-5-(dihydroxyphenyl)-valeric

acid-Glucs* and -Sulf*, 3¢-methoxy-

4¢-hydroxyphenylvalerolactone*,

4¢-hydroxy-5-(hydroxymethoxyphenyl)

valeric acid-Gluc*, 5-(3¢,4¢-

dihydroxyphenyl)-g-valerolactone-
Gluc* and -Sulf* and -SulfGluc*, (epi)

catechin-Gluc* and -SulfGluc*, methyl-

(epi)catechin-Sulf*, N-[4¢-hydroxy-3¢-
methoxy-E-cinnamoyl]-laspartic acid*,

N-[4¢-hydroxycinnamoyl]-L-aspartic

acid*,

methoxyhydroxyphenylvalerolactone-

Glucs*, hydroxyphenylvalerolactone-

Gluc* and -Sulf*,

5-(hydroxymethoxyphenyl)valeric acid-

Sulf*, 4-hydroxy-5-(phenyl)valeric

acid-Sulf*

Llorach

et al. (2013)

Chocolate Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

6-Amino-5-[N-methylformylamino]-1-

methyluracil (6-AMMU)*,

theobromine, 7-methyluric acid

Andersen

et al.

(2014a)
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Table 9.1 Continued

Dietary factor

Study

design

Number

of

subjects Sample type Analytical method

Discriminating metabolites/

candidate biomarkers References

Almond skin

extract

Acute study 24 Urine

(kinetics)

LC–ESI–QTof (Epi)catechin-Sulf*, O-methyl-(epi)

catechin-Sulf*, naringenin-O-Gluc*, 5-
(hydroxyphenyl)-g-valerolactone-
Gluc* and -Sulf*, 5-(dihydroxyphenyl)-

g-valerolactone-Gluc*, -SulfGluc* and

-Sulf*, 5-(trihydroxyphenyl)-g-
valerolactone-Gluc*, 5-

(hydroxymethoxyphenyl)-g-
valerolactone-Gluc* and Sulf*, 4-

hydroxy-5-(dihydroxyphenyl)-valeric

acid-Gluc* and Sulf*, 4-hydroxy-5-

(hydroxymethoxyphenyl)valeric acid-

Gluc*, 4-hydroxy-5-(methoxyphenyl)

valeric acid-Gluc*, 4-hydroxy-5-

(hydroxyphenyl)valeric acid-Gluc and -

Sulf*, 4-hydroxy-5-(phenyl)valeric

acid-Sulf*, 2-(dihydroxyphenyl)acetic

acid-Gluc*, -SulfGluc* and -Sulf*, 2-

(hydroxymethoxyphenyl)acetic acid-

Gluc*, 2-(hydroxyphenyl)acetic acid-

Sulf*, 3-(hydroxyphenyl)propionic

acid-Gluc*, 3-(dihydroxyphenyl)

propionic acid-Sulf*, vanillic acid-

Gluc*, hydroxyhippuric acid*, ferulic

acid-Gluc*

Llorach

et al. (2010)
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Nuts Intervention 42 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

10-Hydroxydecene-4,6-diynoic acid-

Sulf*, tridecadienoic/tridecynoic acid-

Gluc*, dodecanedioic acid*,

1,3-dihydroxyphenyl-2-O-Sulf*,
p-coumaroyl alcohol-Gluc* and -Sulf*,

N-acetylserotonine-Sulf*,
5-hydroxyindoleacetic acid*, urolitin

A-Gluc, Sulf*and SulfGluc*

Tulipani

et al. (2011)

Spray-dried

proteins

(whey, casein,

gluten)

Meal

studies

23 Plasma

(kinetics)

UPLC–ESI–QTof Cyclic gamma-glutamyl amino acids;

cyclic dipeptides (3,6-dialkyl-2,5-

diketopiperazines)

Stanstrup

et al. (2014)

Walnut Intervention 107 Urine (24 h) LC–ESI–QTof; LTQ-

Orbitrap

5-Hydroxyindole-3-acetic acid Andersen

et al.

(2014a)

Dietary fibres

(oat bran, rye

bran, sugar

beet fibres)

Cross-over

intervention

25 Plasma

(fasting)

LC–ESI–QTof 2-Aminophenol sulphate,

2,6-dihydroxybenzoic acid,

hydroxylated and glucuronidated

nuatigenin*

Johansson-

Persson

et al. (2013)

Asterisk means tentative identification, not confirmed by analysis of authentic standard.
NMR, nuclear magnetic resonance; FIE-FTICR-MS, flow infusion electrospray-Fourier transform ion cyclotron resonance-mass spectrometry; LC–ESI-QTof, liquid chromatography–
electrospray ionisation-quadrupole time-of-flight mass spectrometer; LTQ–Orbitrap, linear ion trap–orbitrap mass spectrometer; GC–Tof-MS, gas chromatography–time-of-flight-mass
spectrometry; LTQ–FT, linear ion trap–Fourier transform mass spectrometer; LC–MS/MS, liquid chromatography–tandem mass spectrometry; HILIC–UPLC–ESI–QTof, hydrophilic
interaction liquid chromatography–ultra performance liquid chromatography–electrospray ionization–quadrupole time-of-flight mass spectrometer.
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Table 9.1 shows that many metabolites of phytochemicals, including polyphenols,

terpenes, glucosinolates, and alkaloids, have been suggested as biomarkers of various

plant foods intake. Some are present exclusively in the target foods, for example, fla-

vanones in citrus fruits or glucosinolates in cruciferous vegetables. However, others of

the discriminant metabolites associated with the consumption of a particular food in a

controlled study design are actually not specific enough for this food and may not be

confirmed as biomarkers of intake usable in populations in a free-living situation. For

example, hippuric acid was found discriminant for the consumption of coffee, black

tea, chamomile tea, lingonberries, mixed red wine and grape juice extract, and mixed

supplementation with cruciferous vegetables, citrus, and soya in independent studies

(Table 9.1). This metabolite is a final product of gut microbiota degradation of quinic

acid; of many polyphenols, such as catechin and chlorogenic acid; and of the aromatic

amino acids phenylalanine, tyrosine, and tryptophan (Spencer et al., 2008). It was also

described as a potential biomarker of toluene exposure and is used as ameasure of renal

clearance (Lees et al., 2013). Therefore, hippuric acid should not be considered as a

reliable biomarker of intake of any food, although it might be used as a complementary

indicator, whose concentration changes must be coherent with dietary intakes.

Foods are composed of a range of chemical compounds, many of which vary due to

factors such as variety and seasonality of food processing. Therefore, we need to exert

a certain amount of caution when proposing single biomarkers of certain foods. If we

are to move to the situation where biomarkers are to be used as an objective measure of

dietary intake, then a combination of markers may be more useful. Metabolomics is

particularly appropriate for providing combination of markers. While conceptually

this makes sense, it should be noted that there are currently, to the best of our knowl-

edge, no clear examples that demonstrate that combinations of biomarkers improve

sensitivity and specificity with respect to dietary intake. However, in the biomedical

field, it is becoming increasingly evident that combinations or panels of biomarkers

are more effective as disease diagnosis and have improved sensitivity and specificity

(Fan et al., 2011).

9.5 Dietary patterns and metabolomic
profiles: potential use of nutritypes

In nutrition epidemiology, there is a growing interest in assessing dietary patterns and

linking these to health outcomes. Stemming from this work, a number of studies have

emerged demonstrating the link between dietary patterns and metabolomic profiles. In

a recent study, the application of dietary pattern analysis to 125 subjects revealed three

cluster groups that were associated with unique food intakes and differed significantly

in the nutrient intake profiles (O’Sullivan et al., 2011). Assessment of the metabolo-

mic profiles revealed that the cluster groups were reflected in the urinary metabolomic

profiles. The novelty of this work lies in the fact that the identification of nutritypes

(i.e. metabolic profiles that reflect dietary intake) has the potential to aid dietary

assessment by unobjectively classifying people into certain dietary patterns.

184 Metabolomics as a Tool in Nutrition Research



Peré-Trepat and colleagues also developed a strategy for assessing links between

dietary data (FFQ) and metabolomic profiles (Pere-Trepat et al., 2010). In this work,

dietary patterns were defined by principal component analysis and then regressed

against NMR metabolic profiles to identify metabolites associated with dietary pat-

terns. This study adds further support to the concept of nutritypes.

Using the KORA (Cooperative Health Research in the Region of Augsburg) study

population, seven dietary patterns were observed (Altmaier et al., 2011). Statistical

analysis revealed that certain dietary patterns were highly associated with serum

metabolite concentrations. Focusing on lipids, O’Gorman et al. recently demonstrated

that certain dietary patterns are highly associated with the lipidome profile

(O’Gorman et al., 2014).

Overall, these studies provide good evidence for the potential use of metabolomics

in the characterisation of subjects according to their habitual dietary pattern.

9.6 Validation of putative biomarkers

Untargeted metabolomics has led to the discovery of a wealth of putative new bio-

markers of specific food intake. Most of them are short-termmarkers observed in meal

studies or controlled interventions, and their validation for use in observational studies

will be a high priority in the coming years. In a cross-sectional analysis of a dietary

intervention study, it was found that only around 20% of the markers found in meal

studies could be confirmed in a more complex setting where subjects were choosing

their own food items (Andersen et al., 2014a). Part of this failure was due to lack of

sensitivity, and more targeted analysis may show that additional biomarkers could

actually be useful. However, part of the failures was due to other foods containing

metabolites that interfere or add to the marker measurement. For instance, several cit-

rus terpenoids, including limonene, are found in a wealth of citrus-flavoured foods

such as sweets, soft drinks, and bakery products (Andersen et al., 2014b). This under-

lines the need for validation of the novel putative markers from metabolomics under

several study design conditions, including observational settings. The new multitar-

geted analytic methods open also for the use of combination markers so that certain

markers act as qualifiers. For instance, if proline betaine is observed together with lim-

onene metabolites, that would confirm citrus exposure; the lack of concomitant pro-

line betaine may indicate intake of citrus-flavoured foods or soft drinks.

Clearly, the quality of a biomarker is a central issue. Biomarkers must be specific,

accurate, and sensitive enough to detect small changes. The choice of biomarker is

highly dependent on the study design and sampling strategy because different qualities

may be more useful for the research questions posed. But first and foremost, there is a

requirement for the validation of all putative biomarkers before they can be applied in

a targeted fashion. No consensus criteria exist yet for the validation of nutritional bio-

markers. Validation should include analytic assessment of precision and accuracy.

Preferably, the marker should be validated against other markers for the same food

intake, if suchmarkers exist. Efforts should also include biological validation to assure
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dynamic dose–response and time–response in relation to intakes of the targeted food

component; finally, it should be assessed that the marker is not influenced by unrelated

compounds. Analytic validation is well described and is similar for biomarkers and for

clinical chemistry (Rozet et al., 2011). Dose–response and time–response are impor-

tant for interpretation and must be validated in study designs that resemble those that

the marker is intended for, i.e., reflecting shorter- or longer-term food intakes. Bio-

markers are dependent on how representative the sample is, for example, a blood draw

may only represent a limited time span for a marker of food intake having a short half-

life. However, a 24-h urine sample may be useful to monitor if a specific food was

ingested at any time during that period. The question of whether a biomarker is valid

would therefore depend very much on the purpose of the study. If the purpose is to

determine the relationship of individual intakes of a specific food with disease risk,

then it would be necessary to have a marker and a sampling scheme that represents

longer-term average intakes or balances. This could be a validated recovery, predic-

tion, or perhaps even concentration/replacement dietary biomarkers. If the purpose is

to validate an FFQ in a controlled setting, it may be acceptable to use a validated

shorter-term biomarker in order to check that reported and observed frequencies

correlate.

The limitation of many emerging biomarkers from metabolomics is that we have

little indication of their variability, e.g., their applicability to different populations,

questions of interindividual variation in absorption and metabolism, and gene–diet

interactions, just to mention a few host factors. Additional factors relate to food cul-

tures, effects of cooking practices, variable bioaccessibility in different foods, etc. The

best emerging biomarkers will have to be robust to these factors and have high cor-

relations with true exposures, whereas others will have limitations that make them

useful only under specific conditions.

9.7 The future of metabolomics in dietary assessment

9.7.1 Overcoming methodological bottlenecks in marker
identification

Table 9.1 shows that metabolomics studies based on high-resolution mass spectrom-

etry provided more candidate biomarkers than NMR. This is due to the higher sensi-

tivity of mass spectrometry compared to NMR, which ensures the detection of

nonnutrient metabolites present in biofluids in nano- or micromolar concentrations.

However, mass spectrometry does not allow routine identification of the discriminant

metabolites, and one of the major challenges is the identification of features emerging

from the studies as putative biomarkers. Only 10–15% of the ions observed by high-

resolution MS can generally be identified by screening exact masses in metabolite

databases (Wishart, 2008). The situation is even worse for food metabolome studies

since many food component metabolites are not described in chemical databases

and not commercially available as standards. The multistep workflow for the
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identification of discriminating ions in food metabolome studies is summarised in

Figure 9.1. Identification of an unknown discriminant ion starts with the comparison

of acquired analytic data (accurate mass and retention time) and with those of stan-

dards available in the in-house library of spectra. When no match is found, the ele-

mental formula is determined using ultrahigh-resolution MS (Orbitrap and FTICR

instruments) and isotope patterns, taking into account the seven golden rules (Kind

and Fiehn, 2007; Stanstrup et al., 2013). When organic compounds are suspected,

the number of possible elemental formulas can be restricted to those existing in natural

products, through online query of the Dictionary of Natural Products with the accurate

mass of the unknown (http://dnp.chemnetbase.com). The elemental formula, or the

Accurate mass and retention time

Query of  in-house library of  spectra

Determination of  elemental formula
(Ultra-high resolution MS, isotope pattern, 7 golden rules)

Query of  compound databases (HMDB, KEGG, Metlin, DNP)
Databases of  in silico predicted metabolites

MS fragmentation

Libraries of  spectra
(structure and sub-structure search)

Compound databases+in silico prediction of  MS-fragmentation
(MetFusion)

Zero to hundreds of  potential structures

Small number of  potential structures

Check biological plausibility
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Figure 9.1 Identification workflow for MS-based food metabolome studies.
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accurate mass, is then used to query several other compound databases to find hypoth-

eses of identification. The main databases used in metabolomics are HMDB,

METLIN, and LIPID MAPS, but more generalist databases such as ChEBI, KEGG,

and PubChem can also be queried. At this stage, hundreds of hypotheses can be

retrieved, or conversely, for some elemental formulas, no hypotheses are found since

databases are not comprehensive, especially regarding nonnutrient metabolites.

Known metabolites of polyphenols have started to be included in online databases

such as Phenol-Explorer and HMDB. However, the limitation is that our current

knowledge on the metabolic fate of food nonnutrients is incomplete. Initiatives have

emerged to use in silico prediction of metabolism in in-house databases (Pujos-Guillot

et al., 2013). Expert systems integrating current knowledge on the metabolism of

xenobiotics and rules of priority between possible biotransformations can predict

the most likely metabolites of any chemical structure. Several softwares exist (e.g.

Meteor Nexus and Metabolizer) with different specificities (Kirchmair et al.,

2012); however, all were developed for the pharmaceutical industry, and none has

been properly validated for food compounds. Recently, two online databases,

MyCompoundID and IIMDB, have included in silico predicted metabolites and offer

further possibilities to generate hypotheses of identification when nomatch is found in

classic databases (Li et al., 2013; Menikarachchi et al., 2013). In addition to database

queries, MS fragmentation is very often carried out in the process of marker identi-

fication. Libraries of spectra such as MassBank and METLIN can be queried to find

structures or substructures reported to give the same daughter ions upon MS fragmen-

tation as those of the unknown. MetFusion is a new open-source tool that allows que-

rying compound databases with MS fragmentation data even if the database does not

contain spectral data (Gerlich and Neumann, 2013). MS fragmentation of the database

compounds is predicted in silico and used to narrow the number of hypotheses

retrieved by the query of the database. At this stage, a small number of identification

hypotheses usually result. Their plausibility must then be checked by documenting the

possible dietary and metabolic origins of each candidate through a literature survey.

Databases providing information on food composition or dietary sources of com-

pounds are helpful: Dictionary of Food Compounds (http://dfc.chemnetbase.com),

Phenol-Explorer (www.phenol-explorer.eu), Dr. Duke’s Phytochemical and Ethnobo-

tanical Databases (www.ars-grin.gov/duke), and KNApSAcK (http://kanaya.naist.jp/

knapsack_jsp/top.html). Two new databases FooDB (www.foodb.ca) and PhytoHub

(www.phytohub.eu) are being developed with contents and functionalities specifically

designed for metabolomics studies, as they will integrate for each compound spectral

data, information on dietary origins, and known and predicted metabolic fate. Phyto-

Hub will be focused on dietary phytochemicals, whereas FooDBwill have a very wide

coverage of all food constituents. When plausible hypotheses are obtained, they must

be validated by the analysis of authentic standards. However, for nonnutrient metab-

olites, the standards are often not commercially available. Some metabolites can be

synthesised by in vitro enzymatic synthesis or extracted by preparative chromatogra-

phy from biological samples; however, identifications often remain tentative when the

authentic standard is lacking. The complementary analyses necessary for de novo elu-
cidation of the chemical structure (NMR, UV, IR spectra, deuterium exchanges, etc.)
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can be very burdensome, and identification of one compound can sometimes take sev-

eral weeks or more.

The difficulties encountered in marker identification should be reduced in the near

future, thanks to technological advances. Mass spectrometry instruments are continu-

ously evolving in terms of sensitivity and mass accuracy, and in parallel, there is a very

active development of new bioinformatics tools to improve and automatise the process

of marker identification (Scalbert et al., 2014; Xia et al., 2012). This should markedly

accelerate the discovery of dietary biomarkers with nontargeted metabolomics.

9.7.2 Sharing of resources (databases, standard original
procedures (SOPs), chemical standards, and raw data)

Large databases of compounds such as the Human Metabolome Database

(www.hmdb.ca), METLIN (http://metlin.scripps.edu/index.php), LIPID MAPS

(http://www.lipidmaps.org/), and several others are helping the community for the

identification of markers; however, there are still a majority of unknown features

in many food metabolomics studies. This is because the food metabolomes contain

hitherto unknown metabolites of food components that may themselves not even

be structurally elucidated. In that sense, the development of in silico tools for predic-

tion of food component metabolism, also integrating gut microbiota metabolism,

would greatly help to complement compound databases. Even for well-known candi-

date compounds, there is often no published spectral data, and a very large number of

food metabolites are not commercially available, so that standards are not available

for validation of feature assignments. This calls for additional sharing of compound

features such as spectral data into public data repositories in formats where spectral

details may be queried online by automated annotation programmes. Even so, the

spectral data for some platforms such as LC–MS may be context specific so that they

vary with solvent, instrumental setup, etc. Access to authentic standards is therefore a

prerequisite for the best possible level of identification. A repository of human metab-

olites or a site offering increased exchange of custom synthesised metabolites between

laboratories would therefore be additional tools to further food metabolomics.

The metabolomes recorded are highly dependent on the procedures used. No tech-

nique is able to cover the full human metabolome, so changes in pH, solvents, instru-

mental settings, and any other characteristic of the profiling procedure may cause

major changes in metabolite coverage. This is also true for the software tools currently

available for data preprocessing; and the statistical strategy to find markers is still

another factor that may influence the metabolite set eventually recorded as the most

important for food intake. The procedures used must therefore be carefully described

for any metabolomics study, and standard operational procedures (SOPs) for good

profiling, preprocessing, and data analysis should be shared more actively by the

actors in the field. Some detailed procedures have been posted on Internet sites such

as the NuGO (http://www.nugo.org) project homepage and by some of the research

laboratories; however, there is no consensus set of “good practice SOPs” on the

Internet.
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9.7.3 Databasing of biomarkers: development of tools and
methods for routine use in large-scale cohorts

As work progresses in this field, it will become imperative that groups collaborate to

define an optimal method for capturing biomarkers associated with food intake. Cur-

rently, these data are scattered across the literature and not easily presented for the

nonexpert. There is an urgent need for an open-source database that captures bio-

marker data, the associated food, the study design used, and information on the valid-

ity of the biomarker. Recently, a simple classification method was suggested where

biomarkers would be graded by the level of validation (Sumner et al., 2007). Initia-

tives such as the European Joint Programming Initiative, Healthy Diet for a Healthy

Life, should facilitate the formation of such databases in the coming years.

Furthermore, there is a requirement for the scientific community to deposit and

share metabolomics biomarker data in open-source databases. Examples of such data-

bases are (1) MetaboLights (http://www.ebi.ac.uk/metabolights/) and (2) the Nutri-

tional Phenotype database (van Ommen et al., 2010). The storage of data in such

open-access databases could facilitate users in validating their findings in other stud-

ies, thus enabling faster validation of putative biomarkers. Due to the fast develop-

ment of the technology, it is also necessary that researchers share samples stored

from the many dietary intervention studies that form the basis for food biomarker

developments. An example of a biobank specialised in this area is CUBE (http://

cube.ku.dk/). So in addition to the biobanks associated with cohort studies, there is

a need to expanding current biobank infrastructures to cover also small experimental

biobanks initiated by the community.

9.8 Conclusion

Nontargeted metabolomics has the potential to revolutionise the field of dietary

assessment, through the discovery of dozens of new intake/exposure biomarkers.

These biomarkers once properly validated could be included in multitool strategies

for dietary assessment, combining Internet questionnaires, digital camera images,

and analysis of biomarker panels. Accuracy and precision of dietary assessment will

be markedly increased, as required for modern nutritional epidemiology. However,

several technical challenges have been identified that will have to be collectively tack-

led before the metabolomics approach reaches its full potential.
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10.1 Introduction

Traditionally, challenge tests such as oral glucose tolerance test (OGTT) and oral lipid

tolerance test (OLTT) have been used to assess metabolic disorders such as type II

diabetes. In recent years, the use of such meal challenges to identify subtle changes

in nutrition studies has gained momentum (Berthiaume and Zinker, 2002; Lin et al.,

2011; Zhao et al., 2009). The underlying concept behind applying these challenge tests

in such a situation is that healthy humans have the ability to maintain homeostasis

through a multitude of nutritionally regulated processes; thus, measurements at

homeostasis will often not reveal differences between groups. Assessment of time-

dependent changes in response to food provides information about the health of an

individual and helps detect subtle changes following dietary interventions.

Glucose homeostasis is a complex physiological process involving the orchestra-

tion of multiple organ systems. During an overnight fasting, for instance, glucose

levels are maintained through both glycogenolysis and gluconeogenesis, and the liver

begins to generate ketone bodies. Ingestion of glucose following an overnight fasting

triggers the rapid release of insulin from the pancreatic beta-cells. This in turn pro-

motes glucose uptake in peripheral tissues and switches the body from catabolism

to anabolism. Hence, the transition from fasting to feeding is accompanied by many

changes in metabolite concentrations as the body makes adjustments to achieve glu-

cose homeostasis. In order to obtain a systematic view of the physiological response to

glucose ingestion, researchers have recently started to apply metabolomic analysis to

samples collected during the time course of a challenge. This chapter will give a

review of the current literature with respect to applying metabolomics to nutritional

challenges in human studies.

10.2 Application of metabolomics to challenge tests

Applications of metabolomics to study the response to nutritional challenge tests in

humans have grown in recent years and the key studies are summarised in

Table 10.1. Shaham et al. (2008) was one of the first published papers to investigate
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Table 10.1 Overview of key studies using metabolomics in conjunction with challenge tests

Reference Challenge test Target population Duration Methodology Outcome

Ho et al.

(2013)

OGTT 377 subjects: 189

(insulin normal), 188

(insulin-resistant)

BMI: 30.1�5.3 kg/m2

2 h LC–MS, plasma

samples

91 metabolites significantly change with

the OGTT

Pellis

et al.

(2012)

Standardised dairy

shake containing

contribution to energy

as follows:

59% lipids

30% CHO

12% protein

Crossover double-

blind study design

Male

BMI: 25.6–34.7 kg/m2

(n¼36)

6 h Plasma samples

GC–MS

Alterations in 106 metabolites, 31

proteins, and 5 clinical chemistry

parameters. The challenge test identified

metabolic changes following the dietary

intervention not observed in

nonperturbed conditions

Krug et al.

(2012)

Oral glucose and lipid

tests, liquid test

meals, physical

exercise, and cold

stress

Males (n¼15)

BMI: 23.1�1.8 kg/m2
4 days Plasma, urine,

exhaled air, and

breath

condensate

samples

LC–MS
1H-NMR

Physiological challenges increased

interindividual variation even in

phenotypically similar volunteers,

revealing metabotypes not observable in

baseline metabolite profiles

Zivkovic

et al.

(2009)

Dairy-based lipid

challenge

Male (n¼2)

Female (n¼1)

BMI: 21�0.25 kg/m2

(SEM)

8 h Plasma samples Assessed metabolic response as a

measure of metabolic phenotype
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Zhao et al.

(2009)

OGTT Males and females

(n¼16)

2 h Plasma samples

UPLC–qTOF

MS

Four major groups of metabolites were

detected as the most discriminating

OGTT biomarkers: free fatty acids

(FFA), acylcarnitines, bile acids, and

lysophosphatidylcholines

Shaham

et al.

(2008)

OGTT Healthy individuals:
Males (n¼17)

Females (n¼12)

BMI: 17.8–26.9 kg/m2

Prediabetics:
Males (n¼24)

Females (n¼26)

BMI: 18.8–41.2 kg/m2

2 h Plasma samples

LC–MS MS

Identified novel changes to OGTT

including bile acids, urea cycle

intermediates, and purine degradation

products, none of which were previously

linked to glucose homeostasis

Values are means�SD unless otherwise stated.
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the metabolomic response to an OGTT. The analysis revealed that there were 18

plasma metabolites that changed significantly and reproducibly during an oral glucose

challenge including bile acids, urea cycle intermediates, and purine degradation prod-

ucts, none of which were previously linked to glucose homeostasis. The metabolite

dynamics also revealed insulin’s known actions along four key axes – proteolysis,

lipolysis, ketogenesis, and glycolysis – reflecting a switch from catabolism to anab-

olism. In prediabetes, a blunted response in all four axes was observed. Multivariate

analysis revealed that declines in glycerol and leucine/isoleucine (markers of lipolysis

and proteolysis, respectively) jointly provided the strongest predictor of insulin

sensitivity. This study made a significant contribution to the literature and lay the

groundwork for using metabolic profiling to define an individual’s “insulin response

profile”.

Zhao et al. (2009) also investigated the changes of the plasma metabolome during

an OGTT. Using a nontargeted metabolomic approach, the metabolic response to the

challenge was investigated. Applying multivariate data analysis revealed four major

groups of metabolites as the most discriminating OGTT biomarkers. These four

groups included free fatty acids (FFA), acylcarnitines, bile acids, and lysophosphati-

dylcholines. Some of the interesting findings included a strong decrease of all satu-

rated and monounsaturated FFA studied during the OGTT and a significant faster

decline of palmitoleate (C16:1) and oleate (C18:1) FFA levels compared to their sat-

urated counterparts. Moreover, the bile acids glycocholic acid, glycochenodeoxy-

cholic acid, and glycodeoxycholic acid were highly discriminative showing a

biphasic kinetic with a maximum of a 4.5- to 6-fold increase at 30 min after glucose

ingestion. The application of metabolomics in combination with an OGTT in this

study revealed detailed insights into the complex physiological regulation of the

metabolism during an OGTT.

Applying metabolomics in conjunction with proteomics to an OGTT as part of a

dietary intervention revealed subtle effects on human metabolic status induced by the

intervention (Pellis et al., 2012). Assessment of the time course revealed that 106

metabolites, 31 proteins, and 5 clinical chemistry parameters changed over the course

of the challenge test. The application of the approach to a dietary intervention study

was performed to evaluate if profiling the challenge test could reveal additional met-

abolic changes compared to nonperturbed conditions. The intervention of interest con-

sisted of a 5-week intervention with a supplement mix of anti-inflammatory

compounds in a crossover design with 36 overweight subjects. Of the 231 quantified

parameters, 31 had different responses over time between treated and control groups,

revealing differences in amino acid metabolism, oxidative stress, inflammation, and

endocrine metabolism. Overall, the results clearly demonstrated that the acute,

short-term metabolic responses to the challenge test were different in subjects on

the supplement mix compared to the controls. The challenge test approach provided

additional metabolic changes related to the dietary intervention not observed in non-

perturbed conditions. This study supports the concept that a metabolomics-based

quantification of a challenge of metabolic homeostasis is more informative with

respect to metabolic status and the subtle effects induced by dietary interventions

compared to the quantification of the homeostatic situation.
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In another study, a highly controlled 4-day challenge protocol was applied to 15

young healthy male volunteers (Krug et al., 2012). Using this approach, the dynamics

of the human metabolome in response to environmental stimuli, by submitting 15

young healthymale volunteers to a highly controlled 4-day challenge protocol, includ-

ing 36 h fasting, oral glucose and lipid tests, liquid test meals, physical exercise, and

cold stress. Blood, urine, exhaled air, and breath condensate samples were analysed on

up to 56 time points by MS- and NMR-based methods, yielding 275 metabolic traits

with a focus on lipids and amino acids. The results revealed that physiological chal-

lenges increased interindividual variation even in phenotypically similar volunteers,

revealing metabotypes not observable in baseline metabolite profiles again supporting

the concept of the use of these challenges to yield biological information.

A metabolic profiling study of normal subjects (n¼189) and insulin-resistant sub-

jects (n¼188) revealed that of the 110 metabolites profiled, 91 significantly increased

or decreased following the challenge (Ho et al., 2013). The changes broadly agreed

with the actions of insulin including changes to the following pathways: proteolysis,

ketogenesis, TCA cycle, and glycolysis. More importantly, the analysis revealed

changes to pathways that were unknown to be linked to glucose homeostasis. Specif-

ically, alterations in the neurotransmitter serotonin and precursors and derivatives of B

vitamins were observed following the glucose challenge. Furthermore, comparison of

the subjects with and without insulin resistance revealed that the application of

metabolomics in combination with an OGTT may be useful in unmasking phenotypes

in the prediabetic state.

Strassburg and colleagues examined the response of oxylipins to high-fat chal-

lenges and demonstrated that the response depended on the fatty acid composition

of the meal challenge (Strassburg et al., 2014). The oxylipins were measured using

a targeted LC–MS-based method. Assessment of the changes allowed the authors

to propose that saturated fat consumption creates a pro-atherogenic environment

whereas consumption of n�3 PUFA promoted a harmful environment in terms of

inflammatory mediators. This is an important demonstration of how we can employ

metabolic profiling in conjunction with challenge tests to obtain new information in

terms of health determinants.

10.3 Conclusion and future trends

The findings from the above-mentioned studies and those in Table 10.1 have revealed

detailed insights into complex metabolic changes induced by challenge tests, such as

OGTT and OLTT, and offer novel perspectives on the regulation of glucose and lipid

metabolism. Furthermore, the application of the combination of metabolomics and

challenge tests has revealed different responses between subjects with and without

insulin resistance: the development of this strategy in the future should help in the

identification of predisease phenotypes. The application of this approach to nutritional

interventions has great potential in terms of identifying subtle changes. The response

to the challenge tests following different treatment regimes (e.g. treated and control)
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revealed changes that were not observable in homeostatic condition. Further develop-

ment of this approach has the potential to help identify subtle metabolic benefits of a

range of foods.

In conclusion, the use of challenge tests in nutrition research is growing and still in

its infancy. More examples of the potential use and benefits of combining challenge

tests with metabolic profiling are needed. Furthermore, expanding the analysis to

include transcriptomics and proteomics will be an important step in the future and

the integration of these datasets to identify key metabolic pathways should be

extremely fruitful. Overall, the use of challenge tests in combination with metabolo-

mics may prove to demonstrate a better understanding of subclinical metabolic

dysfunctions, and they could contribute to improved personalised nutrition

management.
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11Using metabolomics to describe

food in detail

F. Capozzi, A. Trimigno
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11.1 Introduction

Metabolomics is a relatively new “omic” science that aims to describe, in a snapshot,

the complete set of metabolites constituting a defined biological system. This new

omic approach has recently become widespread in many research areas, such as

the study of human pathologies and diseases (see Chapter 8 for detailed discussion),

drug discovery and toxicity assessment, human nutrition, and plant analysis. The

broad application of metabolomics has been possible thanks to technological innova-

tions that allow the high-throughput separation and identification of small molecules,

even in complex biological matrices. These techniques include mass spectroscopy

(MS) and high-resolution nuclear magnetic resonance (NMR) spectroscopy, together

with separation methods such as capillary electrophoresis (CE) and chromatography

(gas (GC), liquid (LC), ultra high-pressure liquid (UPLC), and high-performance liq-

uid (HPLC)). Together with these scientific advances, the creation of databases con-

taining spectral data and the corresponding signal assignments has driven the progress

of metabolomics in various fields.

Along with genomics, transcriptomics, and proteomics, metabolomics provides the

holistic definition of food according to the new foodomic approach. Foodomics has

been defined as “the discipline that studies the food domain as a whole with the nutri-

tion domain, applying the same advanced omics technologies to different samples, and

integrates all results in order to have an overall vision allowing the improvement of

health and well-being” (Capozzi and Bordoni, 2013).

Data obtained through the above-described techniques are then usually interpreted

through statistical and multivariate data analyses in order to produce robust and

comparable information because it is generally necessary to classify samples in

separate categories (see Chapter 3 for detailed description).

Thanks to the possibility of identifying a great range of metabolites with the

aforementioned analytical techniques and the potential of modern computers to

handle a vast quantity of data for multivariate analysis, this kind of approach is

now widely applied in every life science.

Food science has been increasingly linked to other fields such as medicine, veter-

inary science, agriculture, biology, and genetics. Metabolomics can help link those

different fields by connecting food quality with health, while accounting for food

quality changes related to human and environmental perturbations on the food meta-

bolome (Figure 11.1). For this reason, a large portion of foodomics is centred on
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metabolomics applied to the exploration of possible links between food quality and

the nutritional value.

More and more studies are investigating the sources of variance in food quality,

such as the effects of genetic modification of plants on their food quality and deriv-

atives, or the origin of a determined food based on its metabolic profile. These studies

are of increasing importance in our society because consumers are more concerned

about food quality, which is often associated with its origin, as well as the impact

of food transformation on the nutritional value of the product. Digestibility is another

important attribute of food quality, and its assessment by metabolomics is of para-

mount importance for the development of foods tailored to fragile population catego-

ries such as infants and elderly people. Thus, being able to thoroughly prove food

quality is a key tool for food producers and factories and for food consumers. This

chapter highlights some of the key studies on this subject and future possibilities

for the use of metabolomics in the evaluation of food quality.

11.2 Using metabolomics to assess the effects
of genetic selection and modification

In recent years a lot of research has focused on the production of genetically modified

(GM) or transgenic foods produced by DNA recombination in order to obtain favour-

able features. These new products are still seen as potentially harmful by consumers,

however, and further analysis investigating the quality and possible unintended

effects of GM foods is necessary, as is public education on the subject. Metabolomics

is starting to be employed in this sense, thanks to its use of high-throughput

techniques, and many studies have now been published.

GMs can have various unintended effects, they might or might not have an impact

on food quality and safety, they might or might not be predictable. Therefore, research

is needed to prove the nature of these possible effects. The substantial equivalence

(SE) of GMs to their wild-type counterparts must be proven by assessing the variation

of the overall composition of the modified genotype with respect to the original wild-

type organism and by comparing such differences with those naturally occurring

within the only wild-type category. This concept means that two plant variants

(GM and not) are similar enough to be considered the same, and thus they can be

treated in the same way regarding food safety concerns. Accordingly, no unintended

or different phenotypic variances should be found in GMs crops, especially variations

that negatively influence their nutritional profiles or can create harmful effects on

consumers (Kok and Kuiper, 2003). Metabolomics can clearly help in this assessment,

generating full metabolite profiles for GM products and comparing them to their

original, unmodified counterparts.

A study from Fraser et al. (2007) examined normal and GM tomatoes with an

overexpression of phytoene synthase1 through different approaches (protein activity,

gene expression, physiological parameters, and metabolomics). This is one of the

most thorough studies, employing many different techniques real-time polymerase

chain reaction (PCR) for mutant gene expression, enzyme assays, HPLC (to identify
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carotenoids, isoprenoids, flavonoids, and phenylpropanoids), and GC-MS. Metabolic

profiles were obtained through HPLC and time-of-flight mass spectrometry

(TOF-MS), showing that transgenic tomatoes were different from the normal ones

in various ways. The whole ripening process was different in the transgenic lines,

and metabolomics was useful in assessing the specific changes occurring at the

different ripening stages, linking gene expression and enzyme activity to the actual

altered production of metabolites and uncovering the unexpected metabolic deviations

caused by the different genetic profiles of those tomatoes. Having data from genomic

and enzymatic assays, researchers could also link the results from those analyses to

the metabolomics information to get a panoramic view of what is really happening

in the food product after genetic insertion and modification.

Another study by Levandi et al. (2008) found differences between transgenic and

conventional maize through CE–TOF-MS and subsequent spectral and statistical

analysis (principal component analysis (PCA) and univariate statistical tests). As

usual, the best extraction and analytical conditions were assessed at first, and after

the optimisation, metabolites in the maize samples were identified thanks to the

literature and metabolite databases. Peak areas were then compared between GM

and wild-type samples to see which molecules were over- or underexpressed in the

former type of maize. Twenty-seven metabolites were detected and identified in

the samples, and just two among these were found to have enough statistical predic-

tivity to differentiate the two types of crops. In effect, L-proline-betaine and, to a

greater degree, L-carnitine were typical of GM maize; this was interpreted as a signal

of alteration in fatty acid and glucose metabolism, because L-carnitine is employed in

those pathways enhancing the transport of fatty acids in mitochondria for their sub-

sequent oxidation and increasing glycogen storage, respectively. Further multivariate

PCA confirmed these compounds as discriminating between the two classes. Thus,

this kind of approach can clearly provide robust results, because different statistical

analysis techniques, both supervised and unsupervised, are employed corroborating

each other.

A later study on GMmaize by Leon et al. (2009), employing Fourier transform ion

cyclotron resonance mass spectrometry (FT-ICR-MS) and CE–TOF-MS followed by

partial least squares–discriminant analysis (PLS-DA), confirmed L-carnitine as

a discriminating marker between GM and conventional maize and highlighted at least

nine other metabolites (mainly from the amino acid pathways) able to distinguish

between the two types of maize. Initially, it was once again necessary to perform

an optimisation of the analytical parameters. In this case, after peak identification,

a supervised statistical method, PLS-DA, was employed to discriminate among

samples, confirming the results of the previous studies, while exploiting different

statistical techniques to increase the robustness of the results.

Other studies focused on GMwheat versus conventional wheat (Baker et al., 2006;

Baudoet al., 2006) showednoclear difference between the two types ofwheat, but these

studies proved a higher differentiation due to environmental and farming conditions.

The first example (Baker et al., 2006), employed NMR analysis combined with

PCA and GC-MS coupled with analysis of variance (ANOVA) to study the metabo-

lome. Conversely, the study from Baudo et al. (2006) mainly focused on
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transcriptomics analysis. The combination of different approaches (metabolomics and

complementary traditional genomics and transcriptomics techniques) provided

more information on how the genetic variation can cause effects on the phenotypic

behaviour.

Another study by Garcı́a-Villalba et al. (2008) focused on the comparative analysis

of transgenic and conventional soybean throughCE–ESI-TOF-MS.At first, the optimal

conditions for extraction of metabolites from soybean samples were assessed, and then

the best separation and CE-UV parameters were established. Afterward, metabolites

were identified and quantified, using the best possible combination. Some differences

among the samples were found GM soybean showed greater concentrations of

some metabolites, including liquiritigenin, p-coumaroyl glucoside, naringenin 7-O-
glucoside, and 6-methoxytaxifolin. On the other hand, conventional soybean seemed

to contain larger amounts of proline, histidine, asparagine, gluconic acid, and

trihydroxy-pentanoic acid. The main difference, though, was found to be 4-hydroxy-

L-threonine, which was only identified in conventional soybean, and only this differ-

ence has been ascribed to the genetic modification. Again, the described metabolomic

study allowed the identification of differences in the metabolic profiles of crops,

exposing the biochemical modifications and identifying possible control mechanisms

of the metabolic pathways. In this specific case, the amino acids and derivatives that

showed different concentrations in GM maize and the corresponding wild-type

counterpart shared a common precursor. Therefore, it was possible to verify that the

5-enolpyruvylshikimate-3-phosphate synthase, which differentiated the transgenic

line, affected the synthesis of aromatic amino acids.

Picone et al. (2011a) studied the possible SE of GM grapes through a metabolomic

approach employing NMR spectroscopy. The spectral matrix was subjected to

multivariate statistical analysis (PCA) in order to project the overall variance of all

wild-type and transgenic grapes on the orthogonal components of a metabolomics

space. Subsequent ANOVA was applied to the first 20 principal component (PC)

scores, and only the first two PCs appeared to be responsible for the discrimination

between wild-type and GM grapes. Studying the respective PC loadings, it was clear

that the whole metabolic profile was responsible for a clear differentiation between

GM and conventional grapes, rather than a few metabolites. Among the spectral

regions, however, the most affected were those referring to aromatic molecules (tryp-

tophan and indole derivatives), with pathways expected to be affected by the genetic

modification. Surprisingly, the region with organic acids also showed significant dif-

ferences, thus pointing out that the ripening process could also be affected by genetic

insertion. Interestingly, only one of the two studied cultivars showed a discriminant

metabolic profile between GM and wild-type plants. In this case, it was demonstrated

that the effect of the genetic modification was modulated by the host genotype. This

metabolomics study proved to be an effective tool in investigating the SE, because the

whole plant metabolic profile was analysed and quantified and not just some prese-

lected molecules. NMR spectroscopy and multivariate data analysis (unsupervised

in this case) can give robust results in this sense. An untargeted approach in metabo-

lomics is fundamental as a preliminary analysis for the assessment of the pros and cons

of new products.
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The above-mentioned studies demonstrate how metabolomics reveals even the

unexpected effects caused by a genetic alteration. Such effects are not always predict-

able by taking into account only the specific modified pathway, because cascade

effects might occur, generated by feedback regulations. Thanks to the metabolomic

approach, which allows analysis of the whole metabolic profile, it is possible to detect

all variations, including those that may not be captured by target analysis.

11.3 Using metabolomics to assess the effects
of organic versus conventional farming

Many studies attempted to assess differences in the metabolome of organic and con-

ventional agricultural products (Woese et al., 1997). In recent years consumers have

increasingly requested organic foods, mainly due to concerns about food quality and

safety and the resulting perception that organic products are safer and healthier than

their conventional counterparts. Nowadays, many unprocessed and processed organic

food products are commercially available, and numerous studies have compared the

actual composition and nutritional value of these food matrices. Organic foods are

considered to be of higher quality than conventionally produced foods because con-

sumers believe that they contain lower levels of pesticide and chemical fertilisers, as

well as higher levels of nutrients and beneficial phytochemicals, together with better

sensory characteristics (Williams and Hammitt, 2001; Harper and Makatouni, 2002;

Makatouni, 2002). On the contrary, however, organic products may be more contam-

inated by microorganisms and their products, such as biogenic amines, as a result of

the application of manure and the reduced utilisation of antibiotics and fungicides.

Organic products are usually sold at higher prices in comparison to their conventional

counterparts, and the increased prices generate the risk of fraud. Therefore, once

again, proper analytical techniques are required to assess the true organic origin of

these foods.

Usually, traditional analyses are carried out in order to compare organic and con-

ventional food products, using techniques including target analyses of specific macro-

(sugars, lipids, proteins) or micronutrients (minerals, vitamins, bioactive compounds,

etc.). Other studies have focused on the analysis of stable isotopes of light elements

(H, C, N, O, S) in order to verify, for example, the soil of cultivation and fertilisers

used synthetic nitrogen fertilisers, banned in organic farming, tend to have lower d
15N values, andmanure, which is used in organically grown crops, has a higher content

of this isotope. However, these techniques often result in unreliable data for the clas-

sification of farming procedures, unless they are combined with other multivariate

approaches (Capuano et al., 2013).

Untargeted screening is therefore promising for the achievement of robust and

unbiased results, and metabolomics is clearly one of the best applicable strategies

for identifying and quantifying molecules for the comparison of different products.

Considering that different farming procedures and practices might influence cellular

processes and plant response, a metabolomics approach should be able to detect a

change in the resulting plant metabolites (Wishart, 2008).
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MS, coupled with other separation techniques, has been widely used in recent stud-

ies with the aim of discriminating between organically and conventionally grown food

crops. An untargeted study carried out by Chen et al. (2010) proved discrimination of

organic or conventional grapefruit samples (Citrus paradisi cv. Rio Red) analysed by

MS, with two different separation techniques flow injection electrospray ionisation

time-of-flight mass spectroscopy (FI-ESI-TOF-MS) and flow injection electrospray

ionisation ion trap mass spectroscopy (FI-ESI-IT-MS). Data obtained from MS were

then analysed by ANOVA and PCA. Year of harvest was the first source of variance

among spectra, and farming mode was the second. This study was not capable of iden-

tifying the metabolites giving rise to those differences, but the metabolomics approach

pointed out that a metabolic modification exists between the grapefruit cultivated with

different protocols.

Zörb et al. (2006) successfully used GC-MS analysis to discriminate between

dynamic, bio-organic and conventional wheat grains, looking at only 8 out of 52 dif-

ferent detected metabolites (amino acids, sugars, alcohols, phosphates, nucleotides,

and organic acids). Wheat grain extracts were analysed by GC-MS. Tukey’s test

was then applied to the concentrations of 52 metabolites. Seven replicates were made,

and the values were accepted only when the difference between those replicates was

below 5%. Because only eight metabolites were found to have different concentra-

tions in grains according to their cultivation practices, the authors concluded that

the farming process does not have much impact on the nutritional value of the prod-

ucts, because sugar and sugar alcohols were not different in their content. In addition,

the authors found no sign of limited photosynthesis in organic plants.

In 2010, Röhlig et al. investigated the influence of the farming system on the

metabolome of maize kernels, showing that the main differences were due to culti-

vars and environmental factors, and the farming system caused only minor variation

(organic vs. conventional). The molecular GC-MS profiles of organic and conven-

tional maize were compared by ANOVA and PCA. Before PCA, data were scaled by

the standard deviation of each variable in order to reduce the influence of abundant

metabolites. PCA showed a clear separation in the metabolic profiles of the three

analysed cultivars based on the first two components, which accounted for a total

39–59% of expressed variance. Within each cluster, organic products were slightly

separated from conventional ones. Applied to the relative amount of each analyte,

ANOVA revealed that 29% of 125 compounds so far considered in such univariate

analyses were capable of discriminating between locations/cultivation systems.

ANOVA found the main differences in the concentrations of myo-inositol, malic

acid, and phosphate, which showed higher levels in the organic crops. Myo-inositol

is an important metabolite in many biochemical pathways, intervening in stress

response and osmoregulation. Its increased expression in organic kernels, though,

has not yet been explained. On the other hand, phosphate is very important for plant

growth and has been proved to change in various organically grown plants,

depending on their farming procedures and protocols (i.e., organic fertilisation)

(Steiner et al., 2007).

In a more recent study, Bonte et al. (2014) used GC-MS profiling to compare 11

wheat cultivars grown in controlled conventional and organic conditions, and they

found significant differences in the concentration of specific metabolites in winter
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cultivars. Only a few metabolites were identified. As in the study by Röhlig and Engel

(2010), myo-inositol, in particular, and malic acid were particularly high in grains

from the organic crops, and some free amino acids (e.g. aspartate, asparagine, alanine)

showed higher concentrations in the conventional farming system.

As stated, MS is usually employed in metabolomics studies. Ambient MS was

recently found to be a very useful tool, capable of generating a specific fingerprint

for low molecular weight metabolites (<1 kDa). This type of MS requires very little

sample preparation and does not necessitate any kind of separation prior to spectral

acquisition. Newly designed ambient MS techniques include desorption electrospray

ionisation, atmospheric solids analysis probe, direct analysis in real time (DART).

A pilot study tried comparing tomatoes and sweet bell peppers, either organically

or conventionally grown, through the use of DART and TOF-MS analysis

(Novotnà et al., 2012). This research demonstrated that DART might be applicable

for a rapid assessment of plant samples and showed a reasonable differentiation of

samples due to the type of farming system, though it assigned a greater impact on

the metabolic fingerprint given by the production year. Models generated through

PCA and subsequent linear discriminant analysis (LDA) on those data, however, were

not completely reliable because a higher number of samples would be needed to

generate a more robust classification (Novotnà et al., 2012).

Very few researchers have carried out studies on processed food produced by organic

versusconventional farming.Oneof these studies concernedketchup (Vallverdú-Queralt

et al., 2011) and demonstrated, through LC coupled to MS in tandem mode (LC–ESI-

QqQ) and statistical analysis (ANOVA), some differences in the composition of the

organic and conventional products. The former showed significantly higher amounts

of caffeoylquinic and dicaffeoylquinic acids, caffeic and caffeic acid hexosides,

kaemp-ferol-3-O-rutinoside, ferulic-O-hexoside, naringenin-7-O-glucoside, naringenin,
rutin, and quercetin. On the other hand, the latter products contained typical compounds

(glutamylphenylalanine and N-malonyltryptophan) that were not found in the organic

ones. The authors concluded that the metabolites found in organic ketchups are due to

the secondary metabolism of plant, related to its self-defense mechanisms.

A further step in the application of metabolomics concerns a study from Laghi et al.

(2014) employing NMR spectroscopy to assess the differences between red wines

obtained from either organic or biodynamic grapes. PCA was applied to NMR spectra

and showed a great variation due to the vinification protocol (biodynamic vs. organic).

Tyrosine-related metabolites seemed to be themajor source of distinction, exhibiting a

higher concentration in organic wines. The second PC showed the effect of vineyard

management causing a greater concentration of resveratrol and a lower amount of

transcaffeic acid in organic grapes. Further cluster analysis also showed a marked dif-

ference between samples due to the vinification procedure and, to lesser extent, to

vineyard management. In addition, ANOVA applied to the NMR spectra pointed

out that the concentration of transcaffeic acid was higher in biodynamic wines, which

also contained a lower concentration of glutamine. Melgarejo et al. (2010) described

this inverse correlation, suggesting that some polyphenols might target biogenic

amine-producing enzymes. This was further investigated by studying the spectral dif-

ferences in wines from successive years, proving that switching from organic to bio-

dynamic farming modifies the phenylpropanoid pathways, thus corroborating the
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hypothesis that the decrease of glutamine concentration is related to an antagonistic

effect of polyphenol biosynthesis.

Thus, the metabolomic approach can be helpful in the investigation of the pos-

sible differences between organic and conventional food products. MS, coupled

with newly advanced techniques, has been particularly exploited, but NMR spec-

troscopy was also found to be useful. Using this approach, it is possible to highlight

the patterns of metabolites that discriminate between plants produced according to

different cultivation protocols, and to give proof of possible distinctive character-

istics in organically produced foods that could be investigated by nutritionists and

food scientists looking for additional positive properties. Although univariate sta-

tistical analysis is not able to provide a clear set of diagnostic metabolites differ-

entiating organic from conventional products, multivariate data analyses, such as

PCA, provide combinations of compounds useful for classification, suggesting that

patterns of metabolites, rather than single molecules, may be used as quality

biomarkers.

11.4 Using metabolomics to identify the geographical
origin of food products

Another important parameter for food quality is geographical origin, which becomes

fundamental for some products. In effect, a particular geographical origin might be

associated with added value for a product, in comparison with others, thus creating

a need to protect foods of a certain origin. This added value associated with protected

products has led to the increased production of fraudulent food products, sold as

food with a protected origin. Thus, the food industry and governments must be able

to assess the authenticity of these counterfeit products to confirm this attribute of

food quality.

Metabolomics has been proposed as a new technique to aid in the certification

of a product’s geographical origin, as it could identify metabolic markers selected

for the substantiation of the claim. Many recent studies have employed tech-

niques based on MS coupled with statistical and multivariate data analysis in

order to assess metabolic differences in food products related to their geograph-

ical origin. Most of this research relies on induced couple plasma combined with

mass spectrometry (ICP-MS), in addition to multivariate data analysis, such as

PCA, and canonical or LDA, in order to classify samples according to their ori-

gin. This approach has been applied to honey (Chudzinska and Baralkiewicz,

2010), olive oil (Benincasa et al., 2007), paprika (Brunner et al., 2010), tomatoes

(Mallamace et al., 2014; Savorani et al., 2009), and tomato products (Lo Feudo

et al., 2010).

Meat quality is very important both for health and for nutritional reasons, and

metabolomics studies demonstrate how great variation can be seen in samples with

different geographical origins. These differences can also be exploited for certifica-

tion of origin, and many countries are now implementing metabolomic certification

processes for security and for quality assessment.
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Jung et al. (2010) investigated the effects of geographical origin on the

metabolome of beef by applying 1H NMR spectroscopy. PCA and orthogonal partial

least squares – discriminant analysis (OPLS-DA) were employed to establish

whether some metabolites were able to discriminate between beef from different

geographical regions (Australia, Korea, New Zealand, and United States). At first,

PCA was carried out in order to test, in an unsupervised manner, if there were dif-

ferences among the different types of samples, and it did indeed show a separation

among the four groups. Thus, the supervised OPLS-DA approach was used to max-

imise these differences, and the model was tested with validation procedures, pro-

ducing accurate results. A few orthogonal components were sufficient to

distinguish between beef origins, and many metabolites were important for that clas-

sification acetate, anserine, betaine, carnitine, carnosine, choline, creatine, creati-

nine, fumarate, glycerol, hypoxanthine, lactate, niacinamide, succinate, and all

amino acids. Most of the metabolites were clearly higher in the New Zealand sam-

ples, especially amino acids, and Australian beef exhibited lower levels of those mol-

ecules. US samples were the highest in succinate concentration. It is clear that many

conditions can alter beef composition, including breed, feed, rearing system, pre and

postslaughter parameters, and environmental conditions. Breed can cause differences

in both essential and nonessential amino acids, and the amino acids also increase due

to postmortem ageing resulting from the hydrolysis of peptides and proteins. In addi-

tion, diet can affect the level of amino acids found in beef if fed silage, cattle

will have meat that shows higher concentrations of many amino acids in comparison

with the meat of concentrate-fed cattle. Further studies have analysed differences in

fatty acid composition, metabolites that can again vary due to diet, environmental

effects, and type of production system.

For vegetable products, metabolomics has been exploited as a tool for preventing

fraud when geographical origin certification is a key element for the certification of

food quality. Two case studies were carried out (Mallamace et al., 2014; Savorani

et al., 2009) to establish differences among cherry tomatoes with respect to their origin

(Pachino province in Sicily vs. other Italian locations). They both employed NMR

techniques and multivariate statistical analysis to assess the metabolic profile of those

products and to identify possible differences between cherry tomatoes of different

geographical origins. The studies showed how the metabolomics approach could

be useful for tracking food origin, because Pachino tomatoes were found to contain

higher concentrations of metabolites such as fructose, glucose, glutamine, glutamate,

aspartate, and gamma-aminobutyric acid (GABA) and lower levels of fatty acids, ala-

nine, methanol, and acetylglutamic acid, in comparison to products cultivated in other,

even neighbouring, areas.

Cajka et al. (2011) describe another example of applyingmetabolomics to the deter-

mination of geographical origin. These authors studied the possibility of recognising

beer origin throughmetabolomics, employingDART–TOF-MS and statistical analysis

(PCA, PLS-DA, LDA, and artificial neural networks with multilayer perceptrons

(ANN-MLP)). After careful inspection, markers were chosen from among the

DART–TOF-MS profiles, in order to select the ones that could perform better upon
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chemometric analysis. At first, the prediction ability of both positive and negative ions

was tested through leave-one-out cross validation of a preliminary LDA model. PCA

was then calculated in order to investigate possible clustering among samples, and it

showed how beers from the Czech Republic were different from Belgian and Dutch

beers. PLS-DA was then performed to assess the source of variance between one type

of beer over the rest of the productions andbetweenTrappist and nonTrappist beers, and

models with high-recognition performances were obtained, though their predictive

power was lower. LDA was used as an alternative supervised technique to find the

metabolite patterns giving maximum separation among sample classes. In this case,

a better model from PLS-DA was generated for the classification of one beer versus

all the others, rather than that obtained by comparing Trappist and nonTrappist

beers. Finally,ANN-MLPwas tested as a further approach. The latter technique applies

to situations in which there is a complex relationship between input classifiers and

predicted variables. Even in this case, the model built by comparing one type over

the other beers was better than the model obtained when testing if beers were

Trappist or not. Moreover, models had better performance in the latter approach than

in PLS-DA and LDA, although the results were similar. Taken together, these models

can establish robust statistical differences between beer productions by finding

the features of the metabolite fingerprint responsible for discrimination. Finally, the

same study also compared another approach by analysing the same samples with

solid-phase microextraction (SPME)–GC–TOF-MS instead of DART–TOF-MS.

The different SPME–GC–TOF-MS trial proved to be more effective in the

classification, while requiring more (although simple) preparation steps and thus more

analytical time.

Although metabolomics proves that the geographic origin of a food product may be

reflected in a unique molecular fingerprint, the actual source of differentiation is still

questionable because multiple factors contribute to defining a “local production”,

including the restriction to use only autochthon genotypes, the practice of using tra-

ditional production protocols, and the existence of confined pedoclimatic conditions.

For this reason, the definition of a geographic origin must rely on updated databases

intended to monitor the changes in one or more of the multiple factors affecting the

metabolite profile of the local production. In this way, robust models developed to

predict the geographic origin of a product include correction functions based on

the complete set of cofactors contributing to the definition of its molecular com-

position. Only then can robust models be adopted to assess fraudulent declarations

of a certified origin, when the latter is an added value.

11.5 Using metabolomics to assess the effects of rearing
conditions on the quality of meat, eggs, and fish

Many elements contribute to establishing the quality of food products of animal ori-

gin, such as the feeding, the use of antibiotics and medicines, and the choice of rearing

conditions. Recently, metabolomics studies have attempted to connect the metabolic
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profiles of animal products to rearing protocols. Most studies have focused on the

evaluation of differences in food products caused by the use of hormones or other

chemicals (e.g. antibiotics) to improve cattle growth.

Regal et al. (2011) showed statistical differences between the LC high resolution

mass spectra of sera sampled from control cattle and the spectra of sera from cattle

treated with estradiol and progesterone. The authors performed their analysis using

multivariate statistical analysis based on PCA, OPLS, and OPLS-DA. First, unsuper-

vised PCA was performed in order to find possible sources of variations among sam-

ples. Then, OPLS and OPLS-DA were used to build more a robust model for samples

classification. Eight molecular markers found by OPLS were finally selected for dis-

crimination between treated and untreated animals and were therefore associated with

perturbed metabolic pathways of hormones.

Another study by Graham et al. (2012) focused on bovine plasma samples in

order to highlight the presence of illicit growth-promoting agents. These products

are illegally used to improve feed efficiency, increasing animal weight gain.

Growth-promoters cause alteration in blood and tissues composition, and many

studies have attempted to detect those biological changes. Because metabolomics

could be of great help, given its ability to produce a rapid and high-throughput

screening of metabolic profile, this research employed two methods of NMR spec-

troscopy (classical 1-D and CPMG pulse sequence), followed by multivariate statis-

tical analysis (OPLS-DA) to differentiate treated and nontreated cattle. The two

NMR techniques were used in order to develop a high-throughput screening tech-

nique because they can show different classes of metabolites. NMR peaks were iden-

tified through libraries and literature data, and OPLS-DA was then performed on

spectral data in order to visualise differences and clusters among samples. Treated

animals showed altered metabolic profiles, especially in markers of metabolic

balance and nitrogen flux, proving how growth-promoting agents can alter different

biochemical processes such as protein metabolism, gluconeogenesis, and glycogen

deposition.

The impact of different rearing conditions on the quality of bovine milk was

investigated by Boudonck et al. (2009), through the use of GC-MS and LC-MS/MS

metabolomics, followed by unsupervised data analysis (PCA). Ten different types of

bovine milk were analysed. Samples varied in terms of brand, percentage of fat,

expiration date, rearing method, and type of package. Metabolites exhibited in

GC and LC mass spectra were identified by searching specific libraries using three

criteria retention time, experimental precursor mass match to library standard, and

MS/MS scores. Internal standards were used in both analytical methods in order

to calibrate the experiment and control it. Data were then normalised by dividing

the raw metabolite area by its median value in each run-day in order to correct

for possible interday variation. After this prestatistical transformation, data were ana-

lysed first with the unsupervised PCA technique to explore possible separation and

clustering, and then the expected and interesting classes were further tested with

ANOVA. PCA showed that the first PC, accounting for the maximum variance,

was related to difference in rearing practices (organic vs. conventional), and the sec-

ond orthogonal PC was influenced by the fat percentage of the milk. One of the most
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interesting findings was the relation between farming (organic vs. conventional) and

the consequent metabolic differences. A one-way ANOVA was performed on milk

samples, and 25 metabolites in two types of milk were found to be significantly

different in their concentrations, compared to the 11 different metabolites that would

be expected in the case of random classification. Organic milk showed higher con-

centrations of tyrosine, isoleucine, mannose, glycerate, ribose, carnitine, hyppurate,

and butyrylcarnitine when compared to conventional milk, and proline, trans-4-

hydroxyproline, glucose-1-phosphate, ribose-5-phosphate, glycerol-3-phosphate,

and glycerol-2-phosphate were found in lower concentrations. Hyppurate was one

of the main markers for organic milk, and it has been positively linked to the fol-

lowing (i) fibre intake in diets (Holmes et al., 2008), (ii) consumption of products

rich in polyphenols (Walsh et al., 2007), and (iii) exposure to determined environ-

mental conditions (Holmes et al., 2008; Walsh et al., 2007). Thus, the observed dis-

crimination is consistent with the different diets fed to animals in the two types of

rearing because organically raised cattle is mainly fed forage (grass and clover),

while conventional cows consume grain-based feed with cereals, maize, and protein

supplements.

Two studies from van Ruth et al. (2011, 2013) demonstrated differences in the

carotenoid profiles of organic, free-range, and barn eggs through HPLC and multi-

variate statistical analysis. A model was built with k-nearest-neighbour clustering

analysis, allowing the correct prediction of organic (100% accuracy) and nonorganic

(free-range and barn) samples (92% accuracy). Calibrated on Dutch eggs, the model

was then tested with eggs from different countries, and it proved successful once

again in discriminating samples by their production systems. The metabolomics

approach thus proved to be useful, verifying the hypothesis that the different

rearing conditions and, in particular, the access to different sources of feed for organic

hens created differences in carotenoid profiles in eggs.

Other studies have focused on fish quality in relation to rearing practices. A study

by Savorani et al. (2010) tried to assess the differences in the metabolic profiles of

gilthead sea bream in relation to aquaculture methods through 1H NMR metabolo-

mics. NMR spectra were acquired on percloric acid extracts. After the normal pro-

cessing steps (Fourier transform, baseline, and phase correction), spectra were

normalised to total unit area in order to correct for possible vertical-scale errors

due to dilution biases. After that, spectra were aligned using the iCoshift algorithm

to allow the highest stability in the signal position among the different spectra.

Finally, multivariate data analyses (PCA, PLS, extended canonical variates analysis

(ECVA), and interval extendend canonical variates analysis (iECVA)) were per-

formed on the spectral matrix. Only a few of the many signals present in the spectra

could be assigned by using literature data; therefore, the nature of the other unknown

signals was revealed by addition of pure standard compounds, and finally 38 addi-

tional peaks were assigned. Spectral analysis was useful for following the evolution

of the main metabolite content during fish storage and for capturing the most impor-

tant features to be recorded to describe declining fish quality. The main metabolites

are amino acids and nucleotides. PCA was calculated by selecting only the aromatic

region of the spectra the results pointed out that inosine and inosine
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5¢-monophosphate were mainly responsible for the differentiation due to storage

time. However, specimens extracted after 16 days of storage under ice showed

differences mostly caused by the farming system. Supervised ECVA confirmed that

aquaculture practices give a higher variance of metabolite composition in stored fish

rather than fresh fish. By using iECVA and omitting the effect of storage, the authors

found that the compounds responsible for discrimination were glycine, histidine, ala-

nine, and glycogen. Therefore, they showed that postmortem glycolysis is faster for

fish farmed in pseudonatural environments, such as lagoons and off-shore cages,

with respect to those reared in tanks, suggesting that the former aquaculture systems

can induce higher levels of stress in animals or that a greater glucose metabolism rate

is caused by higher exercise.

A later study by Picone et al. (2011b) was carried out on another fish species,

Spaurus aurata, by applying a different chemometric approach. Picone and colleagues

identified the same metabolites as those found in the previous study, with a paired

t-test, by comparing the metabolic profile evolution during storage obviously, glyco-

gen decreased significantly as a consequence of glycolysis, nucleotides were degraded

into hypoxanthine as a consequence of postmortem processes, and trimethylamine

N-oxide was converted into trimethylamine by microbial attack. Conversely, the

amount of lactate did not change because it was already depleted at the start of

the observation. PCA also captured some differences dependent on the farming sys-

tem, with PC1 mainly collecting spectral changes in the hydroxylic region (amino

acids, sugars, hydrophilic molecules) and PC2 being dominated by aliphatic signals.

The effects of storage temperature on the amino acid profile of Bogue fish was

studied by Ciampa et al. (2012) using NMR metabolomics on spectra acquired at

600 MHz. In this case, the novelty of the approach concerned the normalisation algo-

rithm based on the total nucleotide amount, which constituted a pool of interconvert-

ing metabolites. In this case, the normalisation to the total unitary area was

impracticable because the solubilisation of compounds from protein hydrolysis during

storage causes a clear increment of the total area in the spectra. The alternative nor-

malisation step, based on internal standard addition, was also a poor choice because of

the unknown dilution of extracts. For these reasons, the entire pool of metabolites

originating from the adenosine triphosphate degradation pathway was used for nor-

malisation. After this prestatistical step, the individual amino acid content was stud-

ied, pointing out different evolutions the concentration of taurine, not involved in any

lysis, did not change much during storage; the amounts of alanine, phenylalanine, gly-

cine, tryptophan, methionine, isoleucine, leucine, valine, glutamate, and tyrosine

increased during storage, and a simultaneous decrease of histidine and serine was

observed. These results confirmed similar changes in the amino acid content observed

by other techniques. The advantage of using NMR spectroscopy is associated with its

ability to quantify several classes of compound in one shot. By analysing the same

spectra, the authors observed that, although the amount of amino acids changed at

a constant rate during storage, some other molecules slowly changed up to day 4, then

started varying faster due to bacterial development. To prove this trend, typical metab-

olites of bacterial development were quantified (e.g. lactate, acetate, glucose,
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succinate, and ethanol), and the hypothesis was then demonstrated. This study empha-

sises how a holistic view, obtained by applying the metabolomics principles to the

whole molecular profile, can be helpful for understanding the processes going on dur-

ing food storage, and this approach can be even more robust when a freshness index is

built by accounting for all metabolites undergoing transformation. Basing their selec-

tion on a nontargeted approach, some unexpected alteration can be found, allowing for

product quality assessment.

11.6 Using metabolomics to assess the effects
of processing on food quality

Food quality is also affected by production technology and the processes that

transform the raw material in food (fermentation, pasteurisation, cooking, etc.).

Nowadays, more and more food products are subject to many transformation steps

and processes, which might alter their nutritional, sensory, and biochemical proper-

ties. It is therefore necessary to assess any possible alteration caused by these

procedures, in order to investigate the nature of transformed foods and to identify

any possible differences caused by varying the manufacturing protocols or the

presence/absence of treatments.

For example, milk is usually manipulated to lower its fat content, which can vary

within a range of 3 percentage points. Only recently, though, studies have been carried

out to assess the secondary changes occurring in the milk matrix regarding other

nutrients. The aforementioned study from Boudonck et al. (2009) found further

differences in milk due to the reduction of fat content. GC-MS and LC-MS/MS spectra

from milk samples were subjected to a two-sample t-test in order to compare fat-free

with whole milk and reduced-fat with fat-free milk. The authors found that 78 metab-

olites differed significantly in at least one of the four categories characterised by

different fat percentages. Obviously, compared to reduced-fat or fat-free milk, whole

milk contained higher amounts of the major free fatty acids (e.g. palmitate, oleate,

stearate, and myristate), as well as more cholesterol, 1,2-dipalmitoylglycerol, and

alpha-tocopherol. The nutritional value related to these nutrients is thus altered in

the process of fat extraction, without any relation to milk brands. Other metabolites

(amino acids, sugars, purines and pyrimidines, succinate, fumarate and casein pep-

tides) also showed altered concentrations between groups, though these differences

were related to brands.

Another field of application is the production of vegetable conserves. Capanoglu

et al. (2008) studied the effect of processing in the industrial production of tomato

paste. Samples taken from different processing steps and from different tomato

batches were analysed by LC–QTOF-MS and untargeted metabolomics. The authors

concluded that this approach shows higher throughput than a conventional technique

based on the HPLC simply coupled to an online antioxidants detector. In effect,

LC-MS provided a better insight into the actual alteration caused by the processing

of tomato for paste production. Indeed, not only did the amount of carotenoids and
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vitamin C vary, but 40% of the 3177 mapped metabolites showed altered signals dur-

ing the process. It seemed clear that two processing steps were accountable for the

main differences the removal of seed and skin and the transition from fruit to breaker.

The first causes a great reduction in the concentration of flavonoids and alkaloids

because seeds and skin are richer in those compounds and they do not get completely

extracted in the process. The other mentioned step showed an increase in flavonoids

and alkaloids, maybe due to a wound response in the fruit tissues, though the total

antioxidant activity decreases because of vitamin C loss during tomato breaking.

Again, metabolomics proved to be a rapid and useful tool for investigating critical

processes in the production of foods, and in the future, it might aid factories in

assessing the best ways to reduce nutrient loss and alteration.

In this way, knowledge-driven industrial production systems could take advan-

tage of metabolomics for the improvement of traditional food. Beleggia et al.

(2011) investigated the effects of pasta making by following the process from sem-

olina to the final product. Different techniques were employed GC-MS, LC-MS, and

HPLC for carotenoid profiling, mineral profiling, and successive statistical analysis

through ANOVA and PCA-FA (factor analysis). Results showed that metabolites

varied because of the processing steps and processing conditions. PCA scores

resulted in sample discrimination according to types of pasta (PC1) and processing

phases (PC2). ANOVA confirmed these results. Investigation on the quantities of

minerals and metabolites was then performed, and the differences among pasta sam-

ples prepared under varying processing conditions were identified. Phytosterols

degrade because of oxidation, and this degradation is influenced by factors such

as temperature and reaction time. Accordingly, the authors found that the drying step

caused a reduction of these metabolites together with hydroxy fatty acids, tocoph-

erols, and carotenoids, suggesting that an accurate temperature adjustment (lower

drying temperature) might help maintain the levels of these molecules, leading to

greater nutritional value in pasta. Variations were also observed in carotenoid

degradation probably due to the kneading process, which favours lipoxygenase in

its oxidation of polyunsaturated fatty acids and, as a consequence, of carotenoids.

Different types of semolina showed different behaviours during this step, due to their

characteristics and enzyme activities. Another change was observed in the content of

total sugars, which showed an initial increase during the mixing step, due to optimal

conditions for alpha-amylase, and a later decrease after the drying phase, probably

due to a Maillard reaction and the inactivation of amylase. Again, the metabolomics

approach clearly provides insight into many of the different biochemical changes

occurring in food matrices during transformation steps, pointing out that the quality

of the raw material is not the only parameter that influences the final product.

Instead, optimal processing conditions are fundamental to the maintenance of high

nutritional values in conventional and functional foods. Thus, it is clear how an

analytical approach employing different techniques and ensuing multivariate and

statistical data analysis is able to extract the relevant information from the many

different operating conditions affecting the behaviour of food components and
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metabolites through processing procedures. This is necessary for the food industry in

order to assess and then control the processing steps and conditions for the

production of the best foods possible.

11.7 Using metabolomics to assess the effects of
digestion on nutrient intake from particular foods

Assessing the quality of a food product is not enough to prove the real benefits of the

food on human health. The food matrix undergoes the whole digestive process, and its

beneficial components need to be released in the correct form in order to diffuse

through the digestion fluid towards the gut membrane where they are absorbed and

transferred to the blood stream, thus becoming bioavailable and ready to exert their

bioactivity on the human body. In recent years, research has started focusing on

the effects of digestion on the composition and structure of food products, and a very

few studies have attempted to distinguish foods on the basis of their digestibility. This

knowledge is fundamental for the understanding of the true nutritional and health

properties of food products, however, and for their promotion.

Toydemir et al. (2013) investigated the effect of simulated gastrointestinal diges-

tion on sour cherry fruit and nectar samples. They showed greater anthocyanin recov-

ery after the digestion of nectar than that of fruit. This difference might be due to a

greater stability of these metabolites in the nectar, possibly because of the matrix

structure, the pH, the temperature, and other components present in the nectar. In

effect, the nectar had more than 50% sucrose added, and it has been shown that this

ingredient might preserve and stabilise anthocyanins (Hong andWrolstad, 1990). This

analysis employed spectrophotometric assays and HPLC in order to get a full phenolic

profiling. Again, the use of compatible techniques is necessary to test the results

obtained with each method.

Another study by Bordoni et al. (2011) compared in vitro digestion of Parmigiano

Reggiano cheese, characterised by two different ageing times (15 and 30 months), by

analysing the NMR spectra of digestates at different digestive steps. The authors

found that the spectra of undigested aqueous extracts showed a greater presence of

sharp signals (amino acids) in the 30-months-aged Parmigiano due to microbial fer-

mentation during ageing. The main changes during the digestive steps were reportedly

caused by an increase in broad signals from casein digestion. The study then focused

on the analysis of particular spectral regions (amide and aromatic protons). The

authors observed that higher amide areas were found in the 15-months-aged Parmi-

giano, associated with large-sized protein fragments, which were released during

digestion of this cheese. On the other hand, the aromatic area showed the same trend

in both types of samples, indicating that this kind of amino acid is most often released

bound to small peptides. This research exploited ametabolomics approach, employing

two different NMR techniques (1D-nuclear Overhauser effect spectroscopy and

diffusion-ordered spectroscopy), while comparing different food products digested with
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the same protocol, thus highlighting the changes of their digestibility as a consequence

of the food production protocol. In this way the authors were able to evaluate the

actual digestibility of the foodstuff, and the multivariate data analysis could separate

the digestion process into different components, each characterised by a different

molecular profile observable during the sequential digestion phases (e.g. protein

hydrolysis and peptide release in the oral, gastric, and duodenal tracts).

Three studies published in 2014 (Bordoni et al., 2014; Ferranti et al., 2014; Pan

et al., 2014) shed light on meat digestion by in vitro simulation and metabolomics.

Bordoni et al. (2014) focused on the evaluation of the protein bioaccessibility of

Bresaola product (cured beef). Samples were digested and collected at five different

check points in order to assess the protein hydrolysis pathway during the various

digestive steps. Protein digestion was evaluated with a holistic approach, by employ-

ing a combination of Bradford assays, sodium dodecyl sulphate–polyacrylamide gel

electrophoresis (SDS–PAGE), 1H NMR and time domain nuclear magnetic reso-

nance (TD-NMR). 1H NMR spectra were normalised with reference to the

L-carnitine signal, a metabolite that maintains an unaltered concentration during

digestion. In this case other recurrent normalisation procedures could not be used,

because the total spectral area changes during the digestive phases and the internal

standard trimethylsilyl propanoic acid added for frequency calibration, disappears

from solution during digestion due to their absorption on the matrix molecules.

The obtained spectra were used to corroborate the results of the other techniques

by following the appearance of small and medium-sized peptides not detectable by

either the Bradford assay or the SDS–PAGE,with the latter techniques only identifying

the disappearance of large proteins. TD-NMR gives further information on the mod-

ification of thematrix structure, indicating that, in the oral phase, mastication provokes

the exit of 50%of thewater frommyofibrils and the entrance of 15%of digestion juices

into the fibre bundles. Moreover, the same technique shows the unbundling of meat

fibres during the gastric phase, favouring the action of pepsin.

Ferranti et al. (2014) also focused on Breasola digestibility in order to assess

the possible release of bioactive peptides from the food matrix. In effect, during

digestion, protein-rich matrices release small peptides with potential benefits for

human health because some of them have been shown to have antihypertensive or

antioxidant effects. This research employed in vitro digestion and sampling at five

different check points along the digestion process. Samples were then analysed

through SDS–PAGE, 2-dimensional electrophoresis (2-DE), subsequent protein spot

hydrolysis, MALDI-TOF-MS analysis, and nano-HPLC–ESI-Q-TOF-MS/MS analy-

sis of peptides. Through these various techniques, the profiles of peptide and protein

mixtures have been established. 1D-SDS–PAGE and the coupledMS analysis showed

that some proteins were already hydrolysed in the Bresaola samples before gastric

digestion because, in the postmortem phase, proteins from the sarcoplasmic and

myofibrillar tissues undergo hydrolysis by calpains and other endogenous proteases.

The undigested compounds, studied by 2-DE and MALDI-TOF-MS, were found to

be serum albumin, actin, tropomyosins, myosin light chains 1 and 3, and some of
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their fragments. During gastric and duodenal digestion, Bresaola proteins were subject

to the attack of different proteases. The gastric phase showed the degradation of some

sarcoplasmic proteins and the appearance of polypeptides, the latter undetectable

by SDS–PAGE. reversed-phase high-performance liquid chromatography

(RP-HPLC), and MALDI-TOF-MS were mainly employed to monitor the evolution

of the peptide profiles during the digestive steps. RP-HPLC showed that myofibrillar

proteins are demolished during duodenal digestion after being released during the

gastric phase, whereas MALDI-TOF-MS spectra disclosed the size of the newly

formed smaller peptides. Nano-HPLC–ESI-Q-TOF-MS/MS analysis showed the

presence of bioactive ACE-inhibitors, peptides, or their precursors after digestion,

though validation of their bioavailability in in vivo systems is still needed. This study

showed how omics based on complementary analytical techniques can explain many

underlying processes happening during food digestion.

Unlike the other two research groups, Pan et al. (2014) studied the digestion of ham

to investigate its nutrients’ bioaccessibility using SDS–PAGE, microscopy, and 1H

NMR spectroscopy. SDS–PAGE and NMR spectra showed the kinetics of protein

degrading into smaller peptides. Unaffected by digestion, lactate was used as a nor-

malisation reference for NMR spectra in order to quantify the nutrients in the different

digestive steps and understand their fate. During the study, lipids and macromolecules

appeared to increase greatly during gastric and duodenal digestion, though they

stopped growing in quantity after 60 min of digestion. The NMR spectra of

after-digestion samples also showed the presence of potential bioactive or positive

compounds, such as carnosine or choline, and this can be used as an index of product

digestibility or food quality associated with the accessibility of nutrients released

upon digestion.

11.8 Conclusion

Metabolomics is now a widespread omic approach fruitfully exploited in many

applied sciences. The key aspects of this new science, including the use of rapid

and effective techniques, make it fundamental for many fields. Food science is not

an exception, and it is now employing metabolomics in many avenues of research.

Consumers’ increasing demands for higher food quality and the substantiation of

this quality have necessitated the development of new techniques for screening the

metabolic and nutritional profiles of food products, and metabolomics can clearly

serve as an explorative and classifying tool for this purpose.

Many studies now try to assess food quality by employing analytical techniques

suitable for metabolomics, such as MS or NMR spectroscopy, and subsequent

multivariate data analysis (Table 11.1). Today, this type of research methodology

is the basis for a large portion of food research. Accordingly, this chapter highlights

some of the many uses of metabolomics in food science, including the assessment of

differences between GM and non-GM products and the identification of particular
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Table 11.1 Metabolomics studies applied to food science

Type of study Techniques

Statistical

tools

Food

analysed Discriminant metabolites Reference

Genetic

modification

Real-time PCR,

enzyme assays,

HPLC, TOF-MS

– Tomatoes – Fraser et al. (2007)

Genetic

modification

CE–TOF-MS PCA,

Student’s

t-test

Maize L-Proline-betaine, L-carnitine (typical

of GM maize)

Levandi et al. (2008)

Genetic

modification

FT-ICR-MS,

CE–TOF-MS

PCA, PLS-

DA

Maize L-Carnitine Leon et al. (2009)

Genetic

modification

NMR, GC-MS PCA,

ANOVA

Wheat – Baker et al. (2006)

Genetic

modification

Transcriptomic – Wheat – Baudo et al. (2006)

Genetic

modification

CE–ESI-TOF-MS Soybean 4-Hydroxy-L-threonine (only in

conventional soybean)

Garcı́a-Villalba et al.

(2008)

Genetic

modification

NMR PCA,

ANOVA,

Student’s

t-test

Grapes Tryptophan and indole derivatives

(typical of GM grapes)

Picone et al. (2011a)

Organic vs.

conventional

FI-ESI-TOF-MS,

FI-ESI-IT-MS

ANOVA,

PCA

Grapefruit – Chen et al. (2010)

Organic vs.

conventional

GC-MS Tukey’s

test

Wheat – Zörb et al. (2006)

Organic vs.

conventional

GC-MS ANOVA,

PCA

Maize Myoinositol, malic acid, and phosphate

(in organic samples)

Röhlig and Engel

(2010)

Organic vs.

conventional

GC-MS Student’s

t-test, PCA
Wheat Myoinositol and malic acid (in organic

crops)

Bonte et al. (2014)

Organic vs.

conventional

DART, TOFMS PCA, LDA Sweet bell

peppers

– Novotnà et al. (2012)
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Organic vs.

conventional

LC–ESI-QqQ ANOVA Ketchup Caffeoylquinic and dicaffeoylquinic

acids, caffeic and caffeic acid

hexosides, kaemp-ferol-3-O-
rutinoside, ferulic-O-hexoside,
naringenin-7-O-glucoside, naringenin,
rutin and quercetin (in organic

ketchup); glutamylphenylalanine and

N-malonyltryptophan (in conventional

ketchup)

Vallverdú-Queralt

et al. (2011)

Organic vs.

conventional

NMR ANOVA,

PCA

Red wines Tyrosine, trans-caffeic acid, glutamine Laghi et al. (2014)

Geographical

origin

NMR PCA,

OPLS-DA

Beef Different amino acids depending on the

origin (Korea, Australia, United States,

New Zealand)

Jung et al. (2010)

Geographical

origin

NMR PCA, LDA Cherry

tomatoes

– Savorani et al. (2009)

Geographical

origin

HR-MAS NMR PCA,

Student’s t-
test

Cherry

tomatoes

Fructose and glucose, glutamine,

glutamate, aspartate and GABA

(higher in Pachino tomatoes), fatty

acids, alanine, methanol and

acetylglutamic acid (lower in Pachino

tomatoes)

Mallamace et al.

(2014)

Geographical

origin

DART–TOFMS,

SPME–GC–TOF-

MS

PCA, PLS-

DA, LDA,

ANN-MLP

Beer – Cajka et al. (2011)

Rearing

conditions

GC-MS, LC-MS/

MS

PCA,

ANOVA

Bovine milk Hippuric acid (for organic milk) Boudonck et al.

(2009)

Rearing

conditions

HPLC k-Nearest-

neighbour

Eggs – van Ruth et al. (2011)

Rearing

conditions

HPLC k-Nearest-

neighbour

Eggs – van Ruth et al. (2013)
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Table 11.1 Continued

Type of study Techniques

Statistical

tools

Food

analysed Discriminant metabolites Reference

Rearing

conditions

NMR PCA, PLS,

ECVA,

iECVA

Gilthead sea

bream

Molecules from the glucose

metabolism (higher in farmed fish)

Savorani et al. (2010)

Rearing

conditions

NMR Paired

t-test, PCA
Sparus

aurata

Hydroxylic and aliphatic regions Picone et al. (2011b)

Rearing

conditions

NMR – Bogue fish Amino acids Ciampa et al. (2012)

Processing LC-QTOF-MS,

HPLC

Tomato

paste

Flavonoids, alkaloids, vitamin C Capanoglu et al.

(2008)

Processing GC-MS, LC-MS,

HPLC

ANOVA,

PCA-FA

Pasta Minerals, phytosterols, fatty acids,

carotenoids, tocopherols, sugars

Beleggia et al. (2011)

Digestion Spectrophotometer,

HPLC

– Cherry fruit – Toydemir et al.

(2013)

Digestion NMR Parmigiano

Reggiano

Amino acids Bordoni et al. (2011)

Digestion SDS–PAGE,

microscopy, NMR

PCA Ham – Pan et al. (2014)

Digestion Bradford assay,

SDS–PAGE, NMR,

TD-NMR

– Bresaola – Bordoni et al. (2014)

Digestion SDS–PAGE, 2-DE,

MALDI-TOF-MS,

nano-HPLC–ESI-Q-

TOF-MS/MS

– Bresaola – Ferranti et al. (2014)
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metabolites typical of food from a certified geographical origin. Metabolomics

will increasingly aid food science research, and it needs to develop new high-

technology methods and protocols in order to completely and automatically assess

food quality.
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Levandi, T., Leon, C., Kaljurand, M., Garcia-Cañas, V., Cifuentes, A., 2008. Capillary electro-

phoresis time-of-flight mass spectrometry for comparative metabolomics of transgenic

versus conventional maize. Anal. Chem. 80, 6329–6335.

Lo Feudo, G., Naccarato, A., Sindona, G., Tagarelli, A., 2010. Investigating the origin of

tomatoes and triple concentrated tomato pastes through multielement determination by

inductively coupled plasma mass spectrometry and statistical analysis. J. Agr. Food Chem.

58, 3801–3807.

226 Metabolomics as a Tool in Nutrition Research

http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0065
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0065
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0065
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0070
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0070
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0070
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0075
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0075
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0075
http://dx.doi.org/10.1016/j.foodres.2014.02.008
http://dx.doi.org/10.1016/j.foodres.2014.02.008
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0085
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0085
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0085
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0095
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0095
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0095
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0095
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0100
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0100
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0100
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9510
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9510
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0105
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0105
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0105
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0105
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0110
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0110
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0115
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0115
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0115
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0120
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0120
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0125
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0125
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0130
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0130
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0130
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0130
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0135
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0135
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf0135
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9515
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9515
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9515
http://refhub.elsevier.com/B978-1-78242-084-2.00011-3/rf9515


Makatouni, A., 2002. What motivates consumers to buy organic food in the UK? Results from

a qualitative study. Br. Food J. 104, 345–352.

Mallamace, D., Corsaro, C., Salvo, A., Cicero, N., Macaluso, A., Giangrosso, G., Ferrantelli, V.,

Dugo, G., 2014. Amultivariate statistical analysis coming from the NMRmetabolic profile

of cherry tomatoes (The Sicilian Pachino case). Physica A 401, 112–117. http://dx.doi.org/

10.1016/j.physa.2013.12.054.
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Appendix: abbreviations

2-DE 2-dimensional electrophoresis

ANN-MLP artificial neural network with multilayer perceptrons

ANOVA analysis of variance

ASAP atmospheric solids analysis probe

CA cluster analysis

CE capillary electrophoresis

DART direct analysis in real time

DESI desorption electrospray ionisation

ECVA extended canonical variates analysis

EPSPS 5-enolpyruvylshikimate-3-phosphate synthase

ESI electrospray ionisation

FI flow injection

FT-ICR Fourier transform-ion cyclotron resonance

GABA gamma 4-aminobutyric acid

GC gas chromatography

GM genetically modified

HPLC high-performance liquid chromatography

ICP induced couple plasma

iECVA interval extendend canonical variates analysis

IT ion trap

LC liquid chromatography

LC–ESI-QqQ liquid chromatography coupled to MS in tandem mode

LDA linear discriminant analysis

MALDI matrix-assisted laser desorption/ionisation

MS mass spectrometry

MS/MS tandem mass spectrometry

NMR nuclear magnetic resonance
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OPLS-DA orthogonal partial least squares – discriminant analysis

PC principal component

PCA principal component analysis

PCA-FA principal component analysis – factor analysis

(Real time) PCR polymerase chain reaction

PLS partial least squares

PLS-DA partial least squares – discriminant analysis

QTOF quadrupole time-of-flight

RP-HPLC reversed-phase high-performance liquid chromatography

RSD relative standard deviation

SDS–PAGE sodium dodecyl sulphate–polyacrylamide gel electrophoresis

SE substantial equivalence

SPME solid-phase microextraction

T0 time point 0

T16 time point 16

TD-NMR time domain nuclear magnetic resonance

TOF time-of-flight

TOF-MS time-of-flight mass spectrometry

UV ultraviolet
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12Future perspectives

for metabolomics in nutrition

research: a nutritionist’s view

M. Ferrara
Institut National de la Recherche Agronomique (INRA), Clermont-Ferrand, France

12.1 Introduction

In order to better understand how numerous food components interact with the com-

plex biochemical networks of living organisms, nutrition science needs to rely on

more holistic approaches, rather than simply analysing a handful of nutrients or met-

abolic pathways. Given that metabolites provide a direct readout of functional activ-

ity, metabolomics fills a critical gap in the domain of systems biology, complementing

genomics and proteomics (Patti et al., 2012; Sassone-Corsi, 2013). Thus, global

metabolite analysis, or the metabolome, describes a biological system at a level that

surpasses genetic information while revealing the impact of environmental compo-

nents, including diet (Chen et al., 2014; Pellis et al., 2012; Rezzi et al., 2007) and

gut microflora activity (McHardy et al., 2013; Ursell et al., 2014; Xie et al., 2013).

The metabolome therefore reflects more closely the ultimate phenotypes (Fiehn,

2002; Keurentjes, 2009; Matsuda et al., 2012), and metabolomics is set to be a key

tool for nutrition research (Brennan, 2013) because it offers a snapshot of the molec-

ular composition of food (Hu and Xu, 2013; Ibanez et al., 2012) and the individual’s

metabolic status (Roberts et al., 2014; Xu et al., 2013).

The previous chapters describe how metabolomics approaches have developed in

diverse fields of nutrition, and these approaches clearly show that the characterisation

of all metabolites may provide an overview of metabolism, consequently serving as a

biomarker for an organism’s biological state. Despite the high potential of metabolo-

mics approaches, the applications of metabolomics in nutrition are still in their

infancy. The two major pitfalls of the field are identified by all of this book’s authors:

metabolite identification and the biological interpretation of the voluminous data pro-

duced by these approaches. Given these challenges, advancements in the field of

human nutrition depend on the biological relevance of metabolomic analyses. These

analyses involve the identification and quantification of metabolites observed in var-

ious pathophysiological and nutritional states, as well as the observation of changes in

metabolite concentration and their effects. The approaches must also embrace the

dynamic nature of metabolism and its compartmentalisation in a large number of

living organisms.
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12.2 Metabolites identification and biological relevance

The fast and accurate identification of molecules largely depends on the analytical

performance of devices and the standardisation of current practises in data mining.

Thus, in recent years, a major step was realised when biologists increased their use

of high-resolution appliances, while optimising the annotation process for organic

compounds (Courant et al., 2012; Da Silva et al., 2013; Kiefer et al., 2008; Liu

et al., 2014). The constant improvement of measuring instruments is a basic element

in advancing the detection and identification of metabolites; however, this improve-

ment depends on the manufacturers, and it is outside the competence of biologists and

platforms associated with their activities. In addition to these future conceptual and

technological advances, the combination of existing technologies and the sharing

of standardised databases could significantly improve the identification of

metabolites.

The combined use of isotopic labelling and metabolomics seems to be a promising

strategy for accurate metabolite quantification not only for in vitro systems but also for

complex matrices such as biofluids and tissues. de Jong and Beecher (2012) have

described a novel isotopic-labelling method that uses the creation of distinct biochem-

ical signatures to eliminate current bottlenecks and to enable accurate metabolic pro-

filing. This isotopic ratio outlier analysis (IROA) method is a non-targeted analysis

that utilises a specific isotopic balance to create definable metabolite patterns. This

makes the mass-spectral signals complex but increases the information that can be

extracted from these signals. The power of stable isotope- and mass spectrometry-

based metabolomics is also demonstrated in the field of xenobiotic metabolism

(Li et al., 2013). These are two examples of how the combination of isotope labelling

and MS technology can be of crucial importance to metabolomics applied to higher

organisms.

Stable isotope labelling is an established approach for investigating the dynamics

of metabolic pathways, and its combination with metabolomics promises to provide a

comprehensive understanding of metabolic networks in biological systems (Klein and

Heinzle, 2012). The needed tools are available, given the general application of

high-resolutionMS-based metabolomics and recent bioinformatics advances for auto-

mated isotopomer detection (Creek et al., 2012), and there are already some examples

of metabolic profiling in whole animal and humanmodels (Fan et al., 2012). Thus, this

type of development should eventually enable enriched descriptions of metabolic

networks with a temporal element, which is often essential for explaining the

variations observed in biofluid metabolite concentrations in response to diet.

12.3 In vivo metabolomics

In the mammalian body, global metabolism involves multiple organs and tissues.

Indeed, metabolites are present in different compositions and concentrations within

tissues and even cell compartments. The use of common sample preparations for

metabolomics analysis does not enable access to spatial information. A more holistic
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view requires a multi-organ system approach aimed at screening metabolites in var-

ious tissues. Astarita and Piomelli (2011) give an example of such an approach by

studying the dysregulations of docosahexaenoic acid metabolism in Alzheimer’s dis-

ease. Recently developed in situ metabolomics approaches (Caprioli, 2014; Gessel

et al., 2014; Jungmann and Heeren, 2012; Miura et al., 2012) can provide detailed spa-

tial distributions of metabolites that go beyond the simple measurement of metabolite

level. In addition to nuclear magnetic resonance imaging (MRI), mass spectrometry

imaging (MSI) can now produce images of a large number of compounds in tissue

sections with a spatial resolution better than 150 mm (Lanekoff et al., 2013), providing

a spatial distribution of metabolites in situ (Hart et al., 2011; Lietz et al., 2013). Such
an approach was used to visualise the metabolic changes in response to disease pro-

gression in a rat brain during infarct formation after ischemia–reperfusion (Irie et al.,

2014). In food science, MSI is also a powerful method for characterising nutrients and

contaminants with a high chemical and spatial sensitivity (Handberg et al., 2014).

Compared to the fields of protein and peptide MSI, metabolite MSI is still in its

infancy, but it is rapidly growing. Analysis of these small molecules has been difficult

due to the large amount of chemical interference in the low-mass region, but recent

advances in the resolution power of different devices, as well as ion transmission

optics, have increased the confidence levels and sensitivities of these types of exper-

iments. Continued improvement in sample preparation techniques, instruments, and

software will enable MSI of metabolites to become a routine approach.

12.4 Conclusion

In recent years, metabolomics has progressed from improvements in the sensitivity

and precision of measuring devices, through the development of new technologies,

to the synergistic use of different approaches combined with advances in signal anal-

ysis (Zeng et al., 2014) and data mining (Booth et al., 2013). All of these developments

offer metabolomics the potential to couple the characterisation and quantification of

metabolites with a spatiotemporal dimension, giving it greater relevance for the bio-

logical interpretation of data.

Nutrition science has clearly just begun to explore the potential of metabolomics,

but this field offers a range of approaches that might better explain the responses of

cells, tissues, and organs to different foods, which are also more finely characterised

by the same technologies. By identifying food composition, as well as the individual’s

health and nutrition status, metabolomics could likely enable diagnosis, prognosis,

and prediction of individual responses to diet. Through its various facets, metabolo-

mics also promises to identify individual variations in dietary requirements, classify-

ing individuals into specific groups. In addition, the development of integrated

analytical platforms will provide the possibility to uncover the precise functional

connectivity between nutrition and metabolism at the system level, in order to move

towards the definition of nutrient requirements across the lifespan, while targeting

nutrition to achieve optimal health and wellness.
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