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Abstract

This thesis is the product of three and a half years working on the
complex world of metabolomics and nutrition. All the work presented
here is focussed on the problems arising from associating and integrating
metabolomics data with nutritional or dietary data. This issue has
been approached using both observational and interventional studies
and from a mainly bioinformatic point of view, proposing di�erent
methods and tools to reduce the complexity of nutrimetabolomics data
analysis.

Thus, this work consists of four chapters divided into three parts,
in addition to a summary of the content of the entire thesis in
Catalan, the references, and the appendices. The first part consists
of a global introduction, where the fundamental concepts needed
for the correct understanding of the thesis are reviewed, as well as
basic concepts about metabolomics and nutrition, the state of the art
of the nutrimetabolomics field, and the fundamentals of biological
significance analyses, among others. Then, this first part ends with
a brief definition of the objectives of this work. In the second part,
the results of this thesis are carefully presented and discussed. The
results are presented in a compact format, with each section being
a summary of a scientific publication. These results include the
develompent of an ontology that defines the relationships between
dietary metabolites and foods, the development of an open source
tool for metabolomics data analysis, the development of an open
source tool for nutrimetabolomics enrichment analysis, other open
source tools developed in the context of this work, and a section with
di�erent publications where the methods and tools developed have
been applied. Then, all these individual results are discussed together,
providing a global and unified context where all the developments of
this thesis are related. Lastly, the third part of this thesis presents
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the conclusions, contextualizing all the obtained results within the
main objective of the thesis: contribute to the improvement of the
integration and interpretation of nutrimetabolomics data. Additionally,
in the appendices, the published results and some extra information
used in carrying out this research are presented.

Finally, although this thesis is made up of contents from the fields
of metabolomics, nutrition, bioinformatics and biostatistics, it has
been written for a wide scientific audience, trying to be as comprehen-
sible as possible for any profile of researchers, avoiding unnecessary
complexities and always following the transversal objective of the thesis.

I hope you find it useful but, above all, that you enjoy reading it.
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Chapter 1

Introduction

Understanding the link between nutrition and health is one of the
major goals of modern nutrition. Thanks to the great advances in the
field of metabolomics in recent years, this high-throughput technique
has become increasingly an indispensable ally for nutrition sciences,
being nutritional metabolomics (or nutrimetabolomics) a key tool for
exploring the relationships between diet and health and for predicting
food intake through metabolomic profiles, among others.

However, many of the relationships between metabolites and foods
are not yet fully clear and are subject to discussion, requiring further
in-depth studies in this area. This thesis focuses on the exhaustive
study of these relationships between metabolites and diet in order to
better understand their complexity and contribute to the improvement
and simplification of nutrimetabolomics data analysis as well as to the
improvement of the biological interpretation of its results.

To achieve this goal, this work proposes di�erent bioinformatic
tools designed for the problems arising from the analysis of these data.
Di�erent tools and resources such as an ontology that defines the
relationships between metabolites and foods, a statistical analysis tool
for metabolomics data analysis, and tools for biological significance
analysis1 in nutrimetabolomic studies are presented below.

1This concept is carefully detailed in “Biological significance analysis” section.
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1.1 Metabolomics
In life sciences, the su�x “-omics” refers to the collective characteriza-
tion and quantification of pools of biological molecules that translate
into the structure, function, and dynamics of an organism. Thus, the
di�erent high-throughput study disciplines are classified as di�erent
“omics” in the world of biology, being the genomics, transcriptomics,
proteomics, and metabolomics the main and most studied omics,
respectively.

Sequentially and ordered from “top-to-down” (Figure 1.1), genomics
studies the structure and function of the genome and its di�erent
genes, transcriptomics studies the di�erent transcripts produced by
the genome (e.g., mRNA, rRNA, tRNA), proteomics studies proteins
formed by the translation of transcripts, and metabolomics studies the
small molecule (< 900 Da) metabolic products (e.g., lipids and vitamins)
of biological systems (often derived from protein-mediated biochemical
reactions). In recent years, the growing field of metabolomics is
focusing on the analysis of many hundreds of metabolites in complex
specimens that include biofluids, tissues, and cells.

Figure 1.1: “The Omics Cascade” (Narad & Kirthanashri, 2018).

1.1.1 Metabolome
The metabolome is the collection of all low molecular weight molecules
(metabolites) present in a biological system. It is a result of the
biochemical reactions being catalyzed by the proteins of the proteome
(Figure 1.1) and determines the final phenotype of the organism. The
number of the di�erent compounds in the metabolome varies depending
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on the organism but it is constantly changing due to all the chemical
reactions occurring in the organism (Færgestad et al., 2009).

1.1.1.1 Human metabolome

Specifically, this thesis focuses on the human metabolome, composed
of all metabolites in the human body. However, all these metabolites
which constitute the human metabolome can come from four well-
defined sources that are described below (Figure 1.2).

Figure 1.2: The human metabolomes (Scalbert et al., 2014).

• Food metabolome

During the last 15 years, di�erent definitions have been proposed
for this type of metabolome (Cevallos-Cevallos, Reyes-De-Corcuera,
Etxeberria, Danyluk, & Rodrick, 2009; Fardet et al., 2008; Wishart,
2008), however, the most accepted one today is the following:

“The food metabolome is defined as the part of the human
metabolome directly derived from the digestion and biotransformation
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of foods and their constituents” (Scalbert et al., 2014).

According to this definition, the food metabolome does not consider
those compounds present in the nature of foods, but of compounds
derived from the absorption, digestion and biochemical transformations
that food undergoes after ingestion. This type of human metabolome
is composed of more than 25000 compounds and is extremely complex
and variable depending on diet. This thesis focuses mainly on this type
of metabolome.

• Endogenous metabolome

The endogenous metabolome is the collection of compounds present
in the human metabolome that are naturally produced by the body
(e.g., amino acids, organic acids, fatty acids, pigments). Like the food
metabolome, this metabolome can also be influenced by diet, being
altered those endogenous metabolites and metabolic pathways a�ected
by diet.

• Drug metabolome

The drug metabolome is the collection of xenobiotic compounds
from derivatives of drugs and/or nutraceuticals present in the human
metabolome.

• Pollutant metabolome

The pollutant metabolome is composed of metabolic derivatives of
environmental pollution.

1.1.2 Metabolome profiling techniques
The most common used techniques used for metabolome profiling are
mass spectrometry and NMR spectroscopy.
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1.1.2.1 Mass spectrometry

Mass spectrometry (MS) is an analytical technique that measures the
mass-to-charge ratio of ions. The results are typically presented as a
mass spectrum, a plot of intensity as a function of the mass-to-charge
ratio. MS is used in many di�erent fields and is applied to pure
samples as well as complex mixtures.

These spectra are used to determine the elemental or isotopic
signature of a sample, the masses of particles and molecules, and to
elucidate the chemical identity or structure of molecules and other
chemical compounds.

In a typical MS procedure, a sample, which may be solid, liquid, or
gaseous, is ionized. This may cause some of the sample’s molecules
to break into charged fragments or simply become charged without
fragmenting. These ions are then separated according to their
mass-to-charge ratio. The ions are detected by a mechanism capable of
detecting charged particles, such as an electron multiplier. Results are
displayed as spectra of the signal intensity of detected ions as a function
of the mass-to-charge ratio. The atoms or molecules in the sample can
be identified by correlating known masses (e.g., known metabolite) to
the identified masses or through a characteristic fragmentation pattern.

An important enhancement to MS is using it in tandem with
di�erent chromatographic techniques:

• Gas chromatography–mass spectrometry

Gas chromatography–mass spectrometry (GC-MS) is used for the
analysis of volatile molecules. The sample first goes through the gas
chromatograph where high-resolution separation of volatile organic
compounds in a mixture is accomplished in the gas phase. This stream
of separated compounds is fed online into the ion source, a metallic
filament to which voltage is applied. This filament emits electrons
which ionize the compounds. The ions can then further fragment,
yielding predictable patterns. Intact ions and fragments pass into the
mass spectrometer’s analyzer and are detected (Emwas, 2015).
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• Liquid chromatography-mass spectrometry

Liquid chromatography-mass spectrometry (LC-MS) comprises
two powerful analytical tools, high-performance liquid chromatog-
raphy (HPLC) and MS. When combined, LC-MS represents a
very powerful analytical tool for the separation, identification,
and quantification of molecules in a mixed sample. The HPLC
technique separates molecules first based on di�erent physical and
chemical properties such as molecular size, charge, polarity, and
a�nity toward other molecules. Once the analytes are separated,
they pass through the mass spectrometer analyzer where they are
detected based on the mass-to-charge ratio, and the intensity of each
resultant line corresponds to relative concentration of each molecule
(Emwas, 2015). It di�ers from GC-MS in that the mobile phase
is liquid, usually a mixture of water and organic solvents, instead of gas.

All data used in this thesis have been obtained via HPLC-MS.

Figure 1.3: The HPLC-MS equipment used throughout this work.
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Table 1.1: The advantages and limitations of NMR spectroscopy and MS
spectrometry as an analytical tool for metabolomics research adapted
from Emwas, 2015.

NMR Mass spectrometry
Sensitivity Low High
Selectivity Nonselective analysis Both selective and

nonselective (targeted
and nontargeted)
analyses

Sample
measurement

All metabolites can be
detected in one
measurement

Need di�erent
chromatography
techniques for di�erent
classes of metabolites

Sample recovery Nondestructive, sample
can be recovered,
restored, reused

Destructive but need a
small amount of
sample

Reproducibility Very high Moderate
Sample
preparation

Minimal sample
preparation

More demanding;
needs di�erent columns
and optimization of
ionization conditions

Number of
detectable
metabolites

40–200 > 500

Target analysis Not relevant for
targeted analysis

Superior for targeted
analysis
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1.1.2.2 NMR spectroscopy

Nuclear magnetic resonance (NMR) spectroscopy is a spectroscopic
technique to observe local magnetic fields around atomic nuclei. The
sample is placed in a magnetic field and the NMR signal is produced by
excitation of the nuclei sample with radio waves into nuclear magnetic
resonance, which is detected with sensitive radio receivers. The
intramolecular magnetic field around an atom in a molecule changes
the resonance frequency, thus giving access to details of the electronic
structure of a molecule and its individual functional groups.

This technique has been used to identify proteins, metabolites, and
other complex molecules. Besides identification, NMR spectroscopy
provides detailed information about the structure, dynamics, reaction
state, and chemical environment of molecules. NMR spectra are unique,
well-resolved, analytically tractable and often highly predictable for
small molecules.

However, both MS and NMR techniques present di�erent advan-
tages and limitations. Some of these advantages and limitations are
shown in Table 1.1.

1.1.3 Metabolome profiling approaches
Metabolome profiling approaches can be divided into two di�erent
groups (Figure 1.4); untargeted metabolomics, an intended compre-
hensive analysis of all the measurable analytes in a sample (including
chemical unknowns), and targeted metabolomics, the measurement of
defined groups of chemically characterized and biochemically annotated
metabolites (Roberts, Souza, Gerszten, & Clish, 2012).

1.1.3.1 Untargeted metabolomics

Untargeted (or discovery-based) metabolomics focuses on global
detection and relative quantification of small molecules in a sample,
including chemical unknowns.
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This type of approach must be coupled to advanced chemometric
techniques to reduce the extensive data sets generated into a
smaller set of manageable signals (Schrimpe-Rutledge, Codreanu,
Sherrod, & McLean, 2016). Untargeted analysis o�ers the oppor-
tunity for novel target discovery, as coverage of the metabolome
is only restricted by the methodologies of sample preparation and
the inherent sensitivity and specificity of the analytical technique
employed. However, the principal challenges of untargeted analysis
lie in the protocols and time required to process the extensive
amounts of raw data generated, the di�culties in identifying and
characterizing unknown small molecules, the reliance on the intrinsic
analytical coverage of the platform employed, and the bias towards
detection of high-abundance molecules (Schrimpe-Rutledge et al., 2016).

Figure 1.4: Untargeted versus targeted metabolomics studies (Schrimpe-
Rutledge, Codreanu, Sherrod, & McLean, 2016).

1.1.3.2 Targeted metabolomics

In contrast, targeted (or validation-based) metabolomics focuses on
measuring well-defined groups of metabolites, with opportunities for
absolute quantification.
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Targeted metabolomics aims to measure a predefined groups of
biochemically characterized and interpreted metabolites (a metabolome
subset). This reduced coverage of the metabolome means that targeted
metabolomics is reliant on a priori knowledge of metabolites and their
biochemical pathways, which hinders the discovery of novel metabolic
targets. Moreover, through the use of isotopically labeled standards,
targeted metabolomics can be made quantitative. The clear definition
of the species measured reduces the likelihood of analytical artifacts
progressed to ensuing experiments and data analysis (Roberts et al.,
2012).

Due to the specificity of the data collected in a targeted
metabolomics experiment, data processing and analysis tends to be
less labor intensive when compared to untargeted metabolomics, as it
is not necessary to identify chemical unknowns.

All data used in this thesis have been obtained via targeted
metabolomics.

1.2 Nutrimetabolomics
Recent advances in high-throughput metabolomic approaches have
provided an improved understanding of altered metabolic pathways,
new gene functions, or the regulation of important enzymes. At
the same time, the integration of metabolomics with nutritional
science (nutritional metabolomics or nutrimetabolomics) enhances
current clinical and research practices by providing a deeper insight
into the relationships between various metabolites and health status
(Ulaszewska et al., 2019).

In nutrimetabolomics, the aim is usually to investigate perturba-
tions of the human metabolome by specific diets, foods, nutrients,
microorganisms, or bioactive compounds.

As metabolomics is fundamentally phenotype-driven, nu-
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trimetabolomics provides better and more individualized biomarkers2

than other techniques and is expected to furnish better indicators of
dietary e�ects on a target population or patients. Ultimately, the
intertwining of nutrition and metabolomics in nutrimetabolomics aims
to achieve personalized prognostic and diagnostic nutrition, making
nutrimetabolomics one of the most promising avenues for improving
the nutritional care and dietary treatment of patients in the future
(Ulaszewska et al., 2019).

1.2.1 Nutritional studies
Nutritional studies can be divided into two main groups: interventional
studies and observational (or cohort) studies.

1.2.1.1 Interventional studies

In controlled interventional studies, participants consume food items of
interest in a single intake (acute study) or in repeated meals over a
period of time (studies of medium or long term), from a few days up to
6 months or more (Scalbert et al., 2014). In acute studies, biofluids are
collected over a time period of up to 24 hours after consumption of the
food of interest and compared with participants consuming a control
food (Scalbert et al., 2014). Urine is the preferred biofluid in this type
of studies (Tebani & Bekri, 2019).

One limitation of these studies is the fact that the biomarkers
identified may not be su�ciently specific for the test food in population
studies, because regular diets may include other foods containing
precursors of the same biomarkers. For instance, in a cross-sectional
analysis of a whole-diet intervention study it was only possible to
verify ~23% of potential biomarkers observed in previous-meal studies
(Andersen et al., 2014).

In the context of this thesis, two interventional studies have been
used to carry out most of the work presented later in Chapter 3. These
are the EIT Health “Cook2Health” project and the “MaPLE” project

2The concept of “biomarker” is carefully detailed in “Biomarkers” section.
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(Guglielmetti et al., 2020), respectively.

1.2.1.2 Observational studies

Observational studies can also play an important role in biomarker
discovery. Low (or non-consumers) and high consumers are selected
from food intake data collected by using FFQs, DRs or other dietary
assessment techniques.3 In this case, metabolomic profiles are compared
between these subgroups to unveil potential dietary biomarkers that
are reflective of habitual intake, as long as these biomarkers have
a su�cient half-life in the organism or that the foods are regularly
consumed (Scalbert et al., 2014).

Despite the potential of these studies, it has to be taken into
account that many foods consumed are or can be highly correlated and
there is a risk for identifying biomarkers that are not specific to the
particular food of interest unless their identity and specific occurrence
in the considered foods are established. Thus, these studies are mainly
association studies and do not allow causal inference (Praticò et al.,
2018). Intervention studies are, therefore, needed to validate the
potential metabolite as a specific food intake biomarker.

This thesis also includes work done from an observational study.
This is the D-CogPlast project, which has led to paper 5, presented
later in the “Results” section.

1.2.2 Dietary assessment techniques
For decades, nutritional research has been a crucial pillar to unveil
diet–health relationships at both individual and population scale.
However, consistency, validation and reproducibility of the dietary
assessments have been the great challenges (Tebani & Bekri, 2019).
Despite all known drawbacks of these type of approaches, 24-hour
dietary recalls (DRs) and food frequency questionnaires (FFQs) have
been the most widely used approaches for assessing diet during the last

3Dietary assessment techniques are described below.
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years (Park et al., 2018).

1.2.2.1 Dietary recalls

Dietary recalls include a structured collection of detailed information
about food intake during the previous 24 hours.

Figure 1.5: A 24-Hour dietary recall.

Dietary recalls consists of an open form, where participants can
report all kinds of meals and recipes they have eaten during the
previous day (Figure 1.5). This makes the DR preprocessing step prior
to their utilization quite long and complicated, sometimes leading to a
loss of accuracy and specificity. In addition, one of the major other
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drawbacks of this approach is that all these recalls are subjected to
inter-day nutritional variation (Garden, Clark, Whybrow, & Stubbs,
2018).

1.2.2.2 Food frequency questionnaires

On the other hand, FFQs are dietary assessment tools delivered as a
questionnaire (usually self-administered) to estimate frequency and,
in some cases, portion size information about food and beverage
consumption over a specified period of time, typically the past month,
three months, or year. Unlike a DR, a FFQ is a closed questionnaire,
often from 80 to 120 items (including foods and beverages).

FFQs are the preferred option in large-scale studies of diet and
health as despite both DR and FFQ methods require an intensive
preparation before implementation, the managing and processing of a
well-validated FFQ is rather smooth for large studies (Tebani & Bekri,
2019).

However, this type of dietary assessment also presents certain
drawbacks such as inaccurate estimation of portion size, socially
distorted responses, lack of objectivity, poor accuracy of self-reported
data, and errors in food intake composition, which hinder the FFQ
and make it prone to record errors (Freedman, Schatzkin, Midthune, &
Kipnis, 2011; Thompson & Subar, 2013).

Figure 1.6: A food frequency questionnaire, illustrating bread, savoury
biscuits and breakfast cereals (Mulligan et al., 2014).
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Additionally, FFQs can also be used to calculate di�erent nutri-
tional and health scores, for example, the Alternate Healthy Eating
Index-2010 (AHEI-2010) (Chiuve et al., 2012).

The AHEI-2010 was developed as an alternative measure of diet
quality to identify future risk of diet-related chronic disease (Leung et
al., 2012; Leung, Epel, Ritchie, Crawford, & Laraia, 2014; Wang et
al., 2014). The AHEI-2010 was originally developed on the basis of
the FFQ (Chiuve et al., 2012). However, previous studies have also
used DRs to compute the AHEI-2010 scores (Leung et al., 2012, 2014;
Wang et al., 2014).

This index has been used to assess adherence to healthy dietary
habits through the urinary food metabolome in paper 4, presented
later in the “Results” section.

1.2.2.3 The need for a complementary approach

The growing field of metabolomics has enabled in-depth exploration of
the food-related metabolome and the identification of potential food
intake biomarkers (or dietary biomarkers) for objectively assessing
dietary intake. These biomarkers may provide actionable information
to fill in the gaps of self-reported dietary assessment methods given
the tight connection between the metabolite production, food intake,
microbiome, and health status (Bekri, 2016).

1.3 Biomarkers
The use of biomarkers in basic and clinical research as well as in clinical
practice has become so commonplace that their presence as primary
endpoints in clinical trials is now accepted almost without question. In
the case of specific biomarkers that have been well characterized and
repeatedly shown to correctly predict relevant clinical outcomes across
a variety of treatments and populations, this use is entirely justified
and appropriate. In many cases, however, the “validity” of biomarkers
is assumed where, in fact, it should continue to be evaluated and
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reevaluated (Strimbu & Tavel, 2010).

The term “biomarker” refers to a broad subcategory of medical
signs (objective indications of medical state) which can be measured
accurately and reproducibly. Medical signs stand in contrast to medical
symptoms, which are limited to those indications of health or illness
perceived by patients themselves. There are several more precise
definitions of biomarkers in the literature, and they fortunately overlap
considerably. In 1998, the National Institutes of Health Biomarkers
Definitions Working Group defined a biomarker as “a characteristic
that is objectively measured and evaluated as an indicator of normal
biological processes, pathogenic processes, or pharmacologic responses
to a therapeutic intervention” (Strimbu & Tavel, 2010).

1.3.1 Dietary and health biomarkers
Dietary biomarkers enable accurate and objective dietary assessment,
which can mitigate the inherent misreporting errors of traditional
self-reported methods, and thus provide a closer and more reliable
overview of the interplay between diet and health. Therefore,
robust and informative biomarkers are needed to understand diet
and lifestyle interaction in health and disease (Trepanowski &
Ioannidis, 2018; Zeevi et al., 2015). However, two main chal-
lenges hinder the application and use of nutritional biomarkers;
1) there is no consensus on nutritional biomarker definition, its
assessment and use, and 2) even the well-validated biomarkers lack
consistency to support strong recommendations (Tebani & Bekri, 2019).

Nevertheless, one widely accepted dietary biomarker definition was
proposed by the FoodBAll initiative (https://foodmetabolome.org),
classifying dietary biomarkers as:

“Specific measurements within the body that accurately reflect the
intake of a food constituent or food”.

And they added:

“These markers are measured in biofluids such as blood and urine,

https://foodmetabolome.org
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and include natural food constituents such as vitamins and fatty
acids, in addition to certain food additives like iodine in milk or food
contaminants like polychlorinated biphenyls in fatty fish. Dietary
biomarkers can be used to measure nutritional status and food intake,
to find associations between diet and disease outcomes, and to monitor
dietary changes in populations”.

1.3.1.1 Types of dietary biomarkers

Dietary biomarkers can be divided into two groups:

• Biomarkers of intake (exogenous biomarkers)

These biomarkers are those that come directly from diet, that is, those
that can be found in the food metabolome. Those metabolites derived
from the food metabolism and detectable in biofluids can be potential
biomarkers of intake.

• Biomarkers of e�ect (endogenous biomarkers)

These biomarkers are those that are not in the food metabolome but
can be altered by diet. Therefore, they are endogenous metabolites
(from the endogenous metabolome) that can be altered by the ingestion
of certain foods. In this way, biomarkers of e�ect allow to detect the
consumption of certain foods, not from the compounds of these foods
or their derivatives, but from reactions within the body of metabolites
already present before consuming them.

1.4 Data analysis in nutrimetabolomics
Often, data analysis is one of the critical points in nutrimetabolomic
studies. Data analysis is the process of systematically applying
statistical and/or logical techniques to extract biological interpretations
of the data. This process is composed of di�erent preprocessing
operations (e.g., missing value imputation, normalization), statistical
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methods, and biological significance analysis4 procedures (Figure 1.7).

However, there are a variety of methods to carry out data
analysis processes, each with its di�erent applications, advantages and
disadvantages. For instance, machine learning methods tend to give
good results in terms of predictive modeling and biomarker discovery,
however, they are often hard to interpret and make it di�cult to use
complementary study information (e.g., confounding factors). On
the other hand, other simpler statistical approaches, such as linear
models, do not usually provide such satisfactory results in terms of
prediction but allow the use of confounding factors and are often more
interpretable. Thus, data analysis can be very complex, requiring
researchers to choose and adapt the best methodologies for each type
of study.

Figure 1.7: Key steps of a metabolomics study.

The POMAShiny web-based tool developed in the context of this
thesis focuses on this section, providing di�erent methods for an

4This concept is carefully detailed in “Biological significance analysis” section.



1.4. Data analysis in nutrimetabolomics 25

intuitive and user-friendly metabolomics data analysis (see Table 3.1).

1.4.1 Statistical modeling
Classical statistics provide researchers with a well-established set of
tools for addressing several research questions, such as comparing
the response to di�erent treatments or modeling the e�ects of a set
of variables on the concentration of a metabolite. Statistical models
can be constructed with high flexibility and, in the process of model
building and checking, it is possible to include external knowledge
from the experimental design or knowledge of confounding variables
(Ulaszewska et al., 2019). This kind of models are usually high
interpretable models. Often, due to multiple collinearities or lack of
relevant information in individual variables, only a few features are
included in the model, facilitating its interpretation.

The most widely used statistical modeling methods in the field of
nutrimetabolomics are linear models (LMs), generalized linear models
(GLMs), and generalized additive models (GAMs).

1.4.1.1 Linear models

Linear models describe a continuous response variable as a function of
one or more predictor features. Linear regression is a statistical method
used to create a linear model (Equation 1.1). The model describes the re-
lationship between a dependent variable Y (also called “response”) as a
function of one or more independent variables Xp (called “predictors”).5

Y = —0 + —1X1 + —2X2 + ... + —pXp + ‘ (1.1)
LMs are the basis for comparing outcome averages (both for numerical
and categorical variables) across subpopulations and they can be
extended to cope with a variety of more complex study designs. When
the outcome variable is restricted (e.g., count or binary) the analytical
framework should be extended to GLMs (Ulaszewska et al., 2019).

5Note that throughout this work, the number of variables or features is indicated
with p.
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1.4.1.2 Generalized linear models

GLMs are a framework for modeling response variables that are
bounded or discrete. These models are used when modeling positive
quantities (e.g., populations) that vary over a large scale, when
modeling categorical data with a fixed number of choices that cannot
be meaningfully ordered, or when modeling ordinal data (e.g., ratings
on a scale from 0 to 5), where the di�erent outcomes can be ordered
but the quantity itself may not have any absolute meaning.

In the presence of grouped data, LMs and GLMs should be
made hierarchical (mixed models) to fully take advantage of the
groups defined in the study design. Such grouping includes repeated
measures (both parallel and crossover), blocked designs, and mul-
tilevel data (Ulaszewska et al., 2019). The most used GLMs in
nutritional and nutrimetabolomic studies are the logistic regression
(Equation 1.2), for two-group studies (e.g., control and nutritional
intervention), and the multinomial logistic regression, for studies
with more than two groups (e.g., a study with four di�erent treatments).

log

A
p(X)

1 ≠ p(X)

B

= —0 + —1X1 + ... + —pXp, (1.2)

where X = (X1, ..., Xp) are p predictors.

1.4.1.3 Generalized additive models

Generalized additive models provide a general framework for extending
a standard LM by allowing non-linear functions of each of the variables,
while maintaining additivity (Equation 1.3) (James, Witten, Hastie,
& Tibshirani, 2013). Just like LMs, GAMs can be applied with both
quantitative and qualitative responses.

yi = —0 +
pÿ

j=1
fj(xij)+‘i = —0 +f1(xi1)+f2(xi2)+ ...+fp(xip)+‘i (1.3)

It is common in nutritional studies to consider the time variable in
statistical models. When the interest is to model trends in time, GAMs
are a possible option to deal with this issue. However, due to their data
driven nature, they require a vast amount of time points to provide
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reliable results (Ulaszewska et al., 2019).

Unfortunately, the application of statistical models in multi-
variate omics can be di�cult, with the major issue being unstable
modeling arising from multiple feature collinearities (which can be
present in both targeted and untargeted metabolomic experiments).
Consequently, a preliminary step of feature selection is often nec-
essary, which may result in loss of information (Ulaszewska et al., 2019).

1.4.2 Data mining
Data mining methods focus on the analysis of several features at a
time, taking into account the di�erent relationships between them.
These methods can provide information about the structure of the
data and di�erent internal relationships that would not be observed
with classical statistical models. However, the interpretation of these
methods can be more complex.

The most widely used data mining methods in the field of
nutrimetabolomics are principal components analysis (PCA) and
partial least squares (PLS), with some of its variants.

1.4.2.1 Principal Components Analysis

PCA is an unsupervised method for dimension reduction of a n x p

data matrix X. This method is either done by calculating the data
covariance matrix and performing eigenvalue decomposition on this
covariance matrix without considering any response variable Y .

The first principal component direction of the data is that along
which the observations vary the most. For example, consider Figure
1.8, which shows the two first principal components for the ST000336
example data set provided in the POMA Bioconductor package.
This data set consists of a targeted metabolomics study where 31
urine metabolites were measured from boys with Duchenne Muscular
Dystrophy (DMD) and controls. Figure 1.8 suggests that subjects
with positive scores on the first component tend to be DMD subjects,
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while subjects with negative scores on the first component are more
associated with non-DMD subjects. Otherwise, the second component
seems to have no (or very little) association with the presence of the
disease (note that the first component explains the 55.43% of the global
variability while the second component only explains the 8.15%).

• Principal Components Regression

PCR approach involves constructing the first M principal components
and using them as the predictors in a linear regression model. The key
idea is that often a small number of principal components allow to
explain most of the variability in the data, as well as the relationship
with the response. In this case, is assumed that the directions in
which X1, ..., Xp show the most variation are the directions that are
associated with Y (James et al., 2013).

Figure 1.8: The first two principal components for the ST000336 data
set provided in the POMA package. The red circles indicate control
subjects and the blue triangles indicate DMD subjects.
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1.4.2.2 Partial Least Squares

Partial Least Squares (PLS) is a supervised alternative to PCR. It is
also a dimension reduction method, which first identifies a new set of
features that are linear combinations of the original features, and then
fits a LM via least squares using these new M features (James et al.,
2013). Unlike PCR, PLS identifies these new features in a supervised
way, that is, using the response Y . PLS method attempts to find
directions that help explain both the response and the predictors (or
features).

• Partial Least Squares Discriminant Analysis
PLS-DA is a PLS extension used when the response Y is categorical.

Figure 1.9: First two PLS-DA components for the ST000336 data set
provided in the POMA package. The red circles indicate control subjects
and the blue triangles indicate DMD subjects.

Figure 1.9 shows the two first components of a PLS-DA. The data
used to generate this plot is exactly the same as the data used in the
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PCA plot (Figure 1.8). PLS-DA plot shows a much smaller overlap
between DMD subjects and controls than the overlap in the Figure 1.8.
This di�erence is due to the use of the response variable Y information
in the calculation of the components.

• Sparse Partial Least Squares Discriminant Analysis

Sparse PLS-DA performs variable selection and classification in a
one-step procedure (Lê Cao, Boitard, & Besse, 2011). sPLS-DA is a
special case of sparse PLS, where ¸1 penalization6 is applied on the
loading vectors associated to the data matrix X.

• Orthogonal Partial Least Squares Discriminant Analysis

OPLS-DA is a PLS extension where the data is separated into
predictive and uncorrelated information. This leads to improved
diagnostics, as well as more easily interpreted visualization. However,
these changes only improve the interpretability, not the predictivity,
which is equivalent to classification using standard PLS-DA. The
corresponding predictive scores and loading vectors are therefore less
subject to orthogonal variation. Variation that is unrelated to the class
response Y is described in the orthogonal components (Boccard &
Rutledge, 2013).

Note that while PCA is often used as a tool for data visualization
(both samples and features) and unsupervised data exploration, PLS
methods are more used for classification and feature selection purposes,
respectively.

These multivariate methods can return attractive results, which
unfortunately cannot be generalized for the all nutrimetabolomic
studies. In order to avoid this situation, a thorough validation of these
methods (internal cross-validation, permutation analysis or external
cross-validation) is absolutely mandatory (Ulaszewska et al., 2019).

6This concept is described later in “The Lasso” section.
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1.4.3 Statistical learning
In recent times, predictive statistical learning methods are receiving
increasing attention for the nutrimetabolomics research. The increased
use of these methods is due to the need to identify dietary biomarkers
or panels of dietary biomarkers with predictive capacity in order to
achieve the ambitions objective of predicting food intake from urine,
blood, or serum metabolites, and not just identify those metabolites
associated with certain dietary patterns or foods. Nowadays, this
aim has become one of the most important goals in the field of
nutrimetabolomics.

However, these methods may also present some drawbacks, such as
the high number of samples required, or the less intuitive interpretation
of the output provided by these methods, which is generally less easy
to interpret than classical statistical models or PLS methods family,
respectively.

1.4.3.1 The Lasso

As discussed above, a large number of p features are usually quantified
in nutrimetabolomics studies. This means that a previous step of
feature selection is often required, as modeling all features at once can
be a tedious process, that may not be a problem for the accuracy of
the prediction, but it can hinder the model interpretation.

The lasso is a regularized regression method very similar to least
squares procedure when fitting a linear model, with the di�erence that
the coe�cients are estimated using a technique that shrinks them
towards zero. This method uses a ¸1 penalty, which has the e�ect of
forcing some of the coe�cient estimates to be exactly equal to zero,
selecting only the most important features and removing the less
important ones (with the lower e�ects) (James et al., 2013). The lasso
coe�cients minimize the quantity:

min
—0,—

; 1
N

Îy ≠ —0 ≠ X—Î2
2

<
subject to Î—Î1 Æ t, (1.4)

where N is the number of observations and t is a prespecified free
parameter that determines the amount of regularization.
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Hence, the lasso performs a feature selection (or a best subset
selection), purpose for which this method is often used instead of
predictive purposes. As a result, models generated from the lasso
are generally much easier to interpret than those produced using
all p features in the study. This method produces sparse models,
that is, models that involve only a subset of features (James et al., 2013).

This methodology has been widely used in the context of this thesis,
being implemented as a resource in the POMA and POMAShiny tools,
and being used for the data analysis in papers 4 and 5, presented later
in the “Results” section.

1.4.3.2 Random forests

Random forests (Breiman, 2001) is one of the most popular and widely
used machine learning methods. It is a flexible supervised learning
algorithm and is part of tree-based methods (or decision trees), a
collection of approaches for regression and classification problems.

Figure 1.10: Bagging methodology scheme.

Random forests is a modification of bagging7 (Figure 1.10) that
builds a large collection of de-correlated trees, and then averages them

7Bagging is a technique used to reduce the variance of predictions by combining
the results of several classifiers, each of them modeled with di�erent subsets taken
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(Friedman, Hastie, Tibshirani, & others, 2001).

In contrast to single decision trees, which are built on an entire
data set and use all features, random forests is a collection of decision
trees that randomly selects observations (or samples) and specific
features to build multiple decision trees and then averages the results.
Focusing on classification problems, after building a large number of
trees, each tree “votes” a class (group label) and the class that receives
the most votes by simple majority is the selected or predicted class
(Figure 1.11).

Figure 1.11: The scheme of random forest algorithm. The final prediction
is obtained by taking a majority vote of the predictions from all the
trees in the forest (Hongdong et al., 2019).

The Gini Impurity is a metric used in decision trees to determine
how to split the data into smaller groups. This metric measures how
often a randomly chosen record from the data set used to train the
model will be incorrectly labeled (e.g., if half of the records in a group

from the same population.
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are “A” and the other half of the records are “B”, a record randomly
labeled based on the composition of that group has a 50% chance of
being labeled incorrectly).

In random forest, Gini Importance can be leveraged to calculate
Mean Decrease in Gini, which is a measure of feature importance.
Mean Decrease in Gini is an e�ective a measure of how important a
feature is for estimating the value of the target variable across all of
the trees that make up the forest. A higher Mean Decrease in Gini
indicates higher feature importance.

Figure 1.12: Mean Decrease in Gini of the top 10 selected features for
the ST000336 data set provided in the POMA package.

Random forests has a variety of applications, such as image
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classification and biomarker discovery. Consequently, this method is
increasingly used in several omics studies, including nutrimetabolomics
(Erban et al., 2019; Ulaszewska et al., 2019).

This methodology has been implemented as a resource (for classifi-
cation problems) in the POMA and POMAShiny tools, presented later
in the “Results” section.

Beyond the presented methods lasso and random forests, other
approaches have also been proposed for prediction and data mining
purposes in omics studies, such as support vector machines (SVM),
genetic algorithms, and k-nearest neighbors (k-NN), among others.
However, these methods are not explained here as they go beyond the
scope of this thesis.

1.5 Ontologies
The growing emergence of high-throughput analytical techniques in
the life sciences over the past three decades has created significant
challenges in data management. Currently, one of the main problems
that researchers face lies in the question: where are these data and
how can we use them? Unfortunately, the heterogeneity of storage
platforms, data formats and privacy requirements of some of them
often hinders their widespread access and use.

In this vein, the creation of ontologies, defined as the “spec-
ification of a representational vocabulary for a shared domain of
discourse - definitions of classes, relations, functions and other
objects” (Kramer & Beißbarth, 2017), is of vital importance to help
analyze, annotate and homogenize these large and complex data
sets (Hoehndorf, Schofield, & Gkoutos, 2015; Schlegel, Ruttenberg,
& Elkin, 2015). This is a major issue within the FAIR Guiding
Principles for scientific data management and stewardship (Wilkinson
et al., 2016), which aim to improve the findability, accessibility,
interoperability and reusability of data. In particular, ontologies play
a central role in the interoperability concept (Kramer & Beißbarth,
2017; Noy, McGuinness, & others, 2001), which establishes that
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“(meta)data has to use a formal, accessible, shared and broadly ap-
plicable language for knowledge representation” (Wilkinson et al., 2016).

Thus, a proper ontology should provide a formal representation
of knowledge in a certain domain (e.g., nutrition, metabolomics), in
a way that people and computers can understand the concepts it
contains and learn about the domain that is being represented (Rubin,
Shah, & Noy, 2008). Ontologies are typically structured within a
knowledge hierarchy where concepts are connected by standardized
semantic relationships (e.g., “is a”, “ingredient of”) formally specifying
knowledge relations such as generalizations of specifications of the
domain of interest (Vitali et al., 2018).

The OWL (Web Ontology Language) is a knowledge representation
language for authoring ontologies. The OWL is designed to be used by
applications that need to process the content of information instead
of just presenting information to humans. This language facilitates
greater machine interpretability of web content than that supported
by XML, and RDF by providing additional vocabulary along with a
formal semantics.

However, ontologies can be expressed also using the OBO (Open
Biological and Biomedical Ontology) format. The OBO project is
a coordinated international collaborative e�ort to define standards
and methodologies for the development of ontologies and controlled
vocabularies in the life sciences, which defines the OBO format
for ontology serialization.8 The OBO project also provides the
OBO Foundry (http://www.obofoundry.org/), a web registry for
orthogonal and interoperable domain reference ontologies, which
includes some of the most popular ontologies in the life sciences, such
as the Gene Ontology, ChEBI, and FoodOn.

8Process of translating a data structure or object state into a format that can
be stored or transmitted and reconstructed later.

http://www.obofoundry.org/
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1.5.1 The gold standard: The Gene Ontology
The Gene Ontology (or commonly called GO) is an annotation resource
created and maintained by a public consortium whose main goal is
to provide a “dynamic, controlled vocabulary that can be applied to
all eukaryotes even as knowledge of gene and protein roles in cells is
accumulating and changing” (Ashburner et al., 2000). This ontology
has become one of the most successful resources used for many di�erent
purposes (e.g., annotation, biological interpretation) in biomedical
research (Figure 1.13). Currently, the Gene Ontology contains more
than 44.000 terms, divided into three specific sub-domains: Biological
process, Molecular function, and Cellular component.

Figure 1.13: Growth of GO annotated scientific publications over time
(from http://geneontology.org).

An example of the GO structure is illustrated in the Figure
1.14. The structure of GO can be described in terms of a graph,
where each GO term is a node, and the relationships between the
terms are edges between the nodes. GO, like other ontologies, has a
hierarchical structure, where child terms are more specialized than
their parent terms, but unlike a strict hierarchy, a term may have
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more than one parent term. For instance, the biological process term
hexose biosynthetic process has two parents, hexose metabolic process
and monosaccharide biosynthetic process, showing that biosynthetic
process is a subtype of metabolic process and a hexose is a subtype of
monosaccharide (http://geneontology.org).

Figure 1.14: The structure of GO for the hexose biosynthetic process
term (from http://geneontology.org).

1.5.2 Ontologies in metabolomics
In 2007, the Metabolomics Standards Initiative (MSI) (Sansone,
Fan, et al., 2007) highlighted the importance of ontologies in the
field of metabolomics (Sansone, Schober, et al., 2007). Its aim
was to address the challenges associated with interpreting and
integrating experimental process and data across disparate sources
in metabolomics experiments by developing a common semantic

http://geneontology.org
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framework to enable metabolomics-user communities to consistently
annotate the experimental process and to enable meaningful exchange
of data sets (Sansone, Schober, et al., 2007).

Later in 2015, Schlegel et al. reported again that “the application of
ontologies to metabolomics can improve the consistency of study data
and can help link data using relationships that extend the computational
capacity of the study data and enrich that knowledge source with a
myriad of nationally available data to help fuel hypothesis driven
laboratory based research” (Schlegel et al., 2015).

Today, the most well-known and used ontology in the field
of metabolomics (to describe compounds) is the ChEBI ontology,
encompassing a large number of chemicals and metabolites grouped
into their corresponding chemical classes.

1.5.2.1 ChEBI: Chemical Entities of Biological Interest

ChEBI (https://www.ebi.ac.uk/chebi/) ontology is the reference
ontology for describing chemical compounds of biological interest
in terms of their chemical structures, chemical categories and roles
(Degtyarenko et al., 2007).

This ontology contains more than 58.000 fully annotated compounds
(being most of them manually annotated) and continues to grow over
time (Figure 1.15).

An example of the ChEBI structure is illustrated in the Figure 1.16.
Here, the term phloretin has only one parent, that is dihydroalcones,
however, this second term has two parents, carbonyl compound
and flavonoids, indicating that phloretin is a carbonyl compound
and a flavonoid(s), and belonging all the terms mentioned, to the
organochalcogen compound class.

https://www.ebi.ac.uk/chebi/
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Figure 1.15: Growth of ChEBI annotated compounds over its releases
(from https://www.ebi.ac.uk/chebi/).

Figure 1.16: The structure of ChEBI for the phloretin term.
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1.5.3 Ontologies in nutrition
Nutritional research largely relies on accurate dietary assessment,
which is of great relevance to evaluate food intake and dietary habits.
Dietary assessment also helps in understanding the association between
nutrition and health status. Nutritional research is often conducted by
using two complementary approaches: (i) self-reporting methods (e.g.,
food frequency questionnaires, dietary recalls) and (ii) the measurement
of dietary biomarkers using a variety of analytical chemistry techniques,
including metabolomics (Scalbert et al., 2014; Ulaszewska et al.,
2019). With regard to traditional dietary assessment tools, it should
be noted that subjective self-reports generate very complex textual
data, containing types and quantities of foods and recipes in very
diverse and heterogeneous formats that depend on the country/region,
socio-demographic factors, etc.

For this reason, the creation of ontologies in the field of nutrition is
extremely important, being of great help to jointly analyze di�erent
nutritional studies, or to define standardized nutritional terms in these
studies.

The nutrition field has more specific ontologies than the field of
metabolomics, being FoodOn the most prominent and well-known ontol-
ogy in the field, followed by other very useful ontologies such as the ONS.

1.5.3.1 FoodOn: Food Ontology

FoodOn is the reference ontology in the field of nutrition. This ontology
provides a controlled vocabulary to name all parts of animals, plants,
and fungi which can bear a food role for humans and domesticated
animals, as well as derived food products and the processes used to
make them (Dooley et al., 2018).

The main aim of FoodOn is to help with the data harmonization
issues that arise from the large vocabulary used to define foods and
food-related concepts around the world. With more than 29.000 terms,
FoodOn covers several basic raw food source ingredients, packaging
methods, cooking methods, and preservation methods. Moreover, this
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ontology also includes an upper-level consisting of a variety of product
type schemes under which food products can be categorized (Figure
1.17).

As shown in Figure 1.17, the term apple (whole, raw) is linked by
di�erent properties to a large number of related terms. For example,
the apple (whole, raw) term develops from part of the apple tree as food
source term, and the apple pie term is an apple food product, which in
turn derive from the apple (whole, raw) itself.

Figure 1.17: The structure of FoodOn for the apple term (Dooley et al.,
2018).

This ontology is of great importance for the subsequent development
of the FOBI ontology, presented later in the “Results” section.
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1.5.3.2 ONS: Ontology for Nutritional Studies

Like the FoodOn, the ONS is part of the OBO Foundry. The ONS
is a formal ontology for the description of nutritional studies. This
ontology aims to establish an ontological framework that can help
nutrition researchers by selecting the appropriate terms from the wide
range of existing ontologies and creating the necessary terms that are
still missing in the field (Vitali et al., 2018).

The ONS provides nutrition researchers of several nutritional-
related, unified, and standardized terms collected in a single ontology,
without having to resort to numerous ontology sources.

Figure 1.18: The ONS hierarchical structure. The terms in green boxes
are ONS-specific terms, while terms in other color boxes are imported
from existing ontologies (Vitali et al., 2018).

As shown in Figure 1.18, the ONS is made up of ONS-specific terms
and terms of other ontologies. For instance, terms Dietary pattern,
Diet, or Biomarkers are specific from ONS, while other terms belong
to other ontologies. For example, Food Component term is adopted
from ChEBI, and Material processing term is adopted from OBI.
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1.5.4 Ontologies in nutrimetabolomics

Although most existing ontologies have been specifically designed for a
single domain, there are also some others composed of interconnected
sub-ontologies, thus enabling users to establish relationships among
di�erent concepts or domains. For instance, ChEBI is organized in two
sub-ontologies: (i) “Molecular Structure”, in which molecular entities
are classified according to structure and (ii) “Subatomic Particle”,
which classifies particles smaller than atoms. Another example is
the Gene Ontology, including three independent sub-ontologies: (i)
“Biological process”, referred to a biological objective to which the gene
or gene product contributes; (ii) “Molecular function”, defined as the
biochemical activity of a gene product; and (iii) “Cellular component”,
which refers to the place in the cell where a gene product is active
(Ashburner et al., 2000). In this regard, nutritional research also
generates large amounts of complex and inter-related data coming from
self-reporting methods and metabolomics experiments. Therefore, an
interconnected set of sub-ontologies would be particularly useful for
defining relationships between both metabolomics and diet, since no
specific ontology exists for the field of nutrimetabolomics.

Currently, di�erent complete and useful databases provide
information on metabolites and foods, including Exposome-Explorer
(Neveu et al., 2016), Phenol-Explorer (Rothwell et al., 2013),
PhytoHub (http://phytohub.eu/), and Food Database (FooDB)
(http://foodb.ca/) - all of which contain rich information about food
constituents and food metabolites, defining in some cases the presence
or absence of these metabolites in certain foods and in other cases,
defining the concentrations of these metabolites in certain foods.

However, relationships between foods and their associated metabo-
lites are extremely complex and the way they are described varies
tremendously across these databases. This lack of commonality and
the lack of a common, hierarchical structure makes data comparison
and data searching quite di�cult. Therefore, the development
of a comprehensive ontology to clearly define the relationships
between nutritional (food composition) and metabolomics (food
associated metabolite or biomarker) data is needed (Maruvada et al.,
2020). This ontology could have multiple practical applications in

http://phytohub.eu/
http://foodb.ca/


1.6. Biological significance analysis 45

nutrimetabolomics, being the annotation of terms using a consistent
and standardized nomenclature the most basic one, but of great
importance in this research field due to the inherent complexity and
heterogeneity of the data managed (e.g., multiple names/synonyms
to define the same food/metabolite). Additionally, other potential
applications of this ontology would be the ability to perform di�erent
biological significance analyses and to conduct semantic similarity analy-
ses (e.g., to establish novel associations between foods and metabolites).

In the context of this work, an ontology named FOBI (Food-
Biomarker Ontology) has been created with the aim of providing
a common language to describe the many complex relationships in
nutrimetabolomics research. This new ontology will allow users to
integrate dictionaries and analyze these two types of data independently
or together in a consistent and homogeneous way.

The FOBI ontology is presented later in the “Results” section.

1.6 Biological significance analysis

�
Unlike the concept of “statistical significance”, the “biological
significance” concept can be treated from di�erent perspec-
tives and defined in di�erent ways. For instance, this concept
can be treated from a clinical point of view, referring to an
e�ect that has a noteworthy impact on health, or from an
omics point of view, referring to the biological interpretation
or biological relevance of statistical di�erences in omics ex-
periments. In this thesis, this concept is treated exclusively
from an omics perspective.

Biological significance analysis (BSA), also known as enrichment
analysis, pathway enrichment analysis, or functional enrichment
analysis, denotes any method that benefits from biological pathway
or network information to gain insight into a biological system
(Creixell et al., 2015; Reimand et al., 2019). In other words, these
type of analyses integrate the existing biological knowledge (from
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di�erent biological sources such as databases and ontologies) and the
statistical results of omics studies, obtaining a deeper understanding of
biological systems. Since BSA uses the results derived from statistical
analysis, it is the last step of an omics data analysis process (Figure 1.7).

These methods can be of great help for interpreting the results
and generating new hypotheses (Marco-Ramell et al., 2018). However,
these methods are not always necessary, as they depend on the aim
of the study. For instance, if the aim of the study is to find a panel
of dietary biomarkers that accurately predict the intake of a food,
the role of these metabolites in the body may not be of interest
to researchers, since these predictive features are the result of the
study itself. In this case, a BSA may not add any additional value
to the study. Otherwise, if the aim of the study is to evaluate the
impact of a specific food or diet on the metabolism, a BSA can
be of great help in understanding the interactions and metabolic
pathways that are being altered in the organism, as these may not
be obvious just by observing the results derived from statistical analysis.

In most omics studies, the output of statistical analysis is usually
a list of features selected as statistically significant9 or statistically
relevant10 according to a predefined statistical criteria. BSA methods
use these selected features to explore associated biologically relevant
pathways, diseases, etc., depending on the nature of the input feature
list (e.g., genes, metabolites) and the source used to extract the
biological knowledge (e.g., GO, KEGG, FOBI). Thus, the input of
BSA is usually a feature list (in some cases accompanied by the fold
change11 and/or the statistical significance of each feature to rank the

9In statistical hypothesis testing, a result is statistically significant when it is
very unlikely to have occurred given the null hypothesis (H0). The significance
level of the study, –, is the probability of rejecting the H0 when it is true, and the
p-value, p, is the probability of obtaining the e�ect observed in a sample or larger,
when the H0 is true. The result is statistically significant when p Æ –.

10The term statistically relevant is used when selecting features of interest without
properly using a hypothesis contrast, therefore, without using p-values. For example,
when using the VIP value in PLS-DA or the Mean Decrease in Gini in random
forests, features can be ranked according to their importance on the study outcome
but it is not correct to speak of “significance”, then it will be called “relevance”.

11Fold change (FC) is a measure that describes how much a quantity changes
between two measurements. It is defined as the ratio between the two quantities;
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list) and the output is usually a list of biological pathways with their
associated statistical significance (Figure 1.19).

Therefore, these methods allow researchers to move from lists of
genes or metabolites to metabolic pathways and/or diseases associated
with those lists, and consequently, to the study design. Moreover, due
to the large amount of easy-to-use web-based tools available for this
purpose, BSA has become a very good ally for omics data analysis.

1.6.1 Biological significance analysis methods

Due to the large number of applications of these methods and its wide
use in the omics field, di�erent approaches for BSA have been proposed
in the recent years. Currently, the most popular used approaches for
BSA are the over-representation analysis (ORA) and the gene set
enrichment analysis (GSEA), with its variants for other fields such as
the metabolite set enrichment analysis (MSEA) (Xia & Wishart, 2010).

Some other powerful methods, such as pathway topology analysis,
have been proposed to perform BSA in omics studies, however, this
work will focus exclusively on the two most commonly used methods
for this purpose: ORA and GSEA.

Figure 1.19 shows these two most common approaches to perform
BSA, with their di�erent required inputs. Considering this scheme,
ORA requires a gene list with no order, just selected genes. On the
other hand, GSEA requires a ranked list of genes, together with
the metric used to rank them, such as p-value or FC. In both cases,
ORA and GSEA, the output of the analysis is a table with the
enriched pathways together with their associated statistical significance.

for quantities A and B, the fold change of B relative to A is B/A.
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Figure 1.19: Gene lists derived from diverse omics data undergo path-
way enrichment analysis, using ORA and GSEA methods, to identify
pathways that are enriched in the experiment (adapted from Reimand
et al., 2019).

1.6.1.1 Over Representation Analysis

ORA is one of the most used methods to perform BSA in omics studies
due to its simplicity and easy understanding. This method statistically
evaluates the fraction of features (e.g., metabolites or genes) in a
particular pathway found among the set of features statistically selected
(Khatri, Sirota, & Butte, 2012). Thus, ORA is used to test if certain
groups of features (e.g., gene sets defined in the GO) are represented
more than expected by chance given a feature list.

The p-value for over representation of the gene or metabolite set
among the statistically significant features -or di�erentially expressed
(DE) genes in the Table 1.2- is subsequently calculated using a test
for independence in the 2◊2 table (Table 1.2). Di�erent tests have
been proposed for testing this independence, including the ‰

2 test,
the hypergeometric test (Fisher’s exact test) and the binomial z-test
for proportions. Each of these tests is equivalent to a procedure that
finds the H0 of a test statistic by randomly reassigning genes to the
labels for being in the gene set and for being DE. The di�erences are
in the choice of the test statistic and whether the random reassign-
ment is done with or without replacement (Goeman & Bühlmann, 2007).
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Table 1.2: A 2◊2 table for assessing over-representation analysis (from
Goeman & Bühlmann, 2007).

DE genes Non-DE genes Total
In gene set pGD pGDc pG

Not in gene set pGcD pGcDc pGc

Total pD pDc p

However, ORA has a number of limitations. The most important
one is the need of using a certain threshold or criteria to select the
feature list. This means that features do not meet the selection criteria
must be discarded. For example, excluding from the analysis those
features with p-values (if this is the criterion used) greater than 0.05
and including those features with p-values lower or equal than 0.05.
According to this criterion, features with p-values of 0.051 would be
excluded and the features with p-values of 0.049 would be accepted,
being this a nonsense in many scenarios.

The second big limitation of ORA is that this method assumes
independence of pathways and features. In ORA, is assumed that each
feature is independent of the other features and each pathway (or set)
is independent of the other pathways (or sets). However, biology is a
complex network of interactions and it is a misconception that di�erent
genes or metabolites are independent of each other, as well as that the
di�erent metabolic pathways are also independent (Khatri et al., 2012).

1.6.1.2 Gene Set Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) methodology was proposed for
the first time in 2005, with the aim of improving the interpretation
of gene expression data. The main purpose of GSEA is to determine
whether members of a gene set S tend to occur toward the top
(or bottom) of the gene list L, in which case the gene set is cor-
related with the phenotypic class distinction (Subramanian et al., 2005).

This type of analysis basically consists of three key steps (Subrama-
nian et al., 2005):
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The first step consists on the calculation of an enrichment
score (ES). This value indicates the degree to which a set S is
over-represented at the extremes (top or bottom) of the entire ranked
gene list L (Figure 1.20A). The ES is calculated by walking down
the list L, increasing a running-sum statistic when a gene is found in
S and decreasing it when a gene is not found in S. The magnitude
of the increment depends on the correlation of the gene with the
phenotype. The ES is the maximum deviation from zero encountered
in the random walk (Figure 1.20B).

Figure 1.20: A GSEA overview illustrating the method. A) An expres-
sion data set sorted by correlation with phenotype, the corresponding
heat map, and the “gene tags” (location of genes from a set S within
the sorted list). B) Plot of the running sum for S in the data set,
including the location of the maximum enrichment score (ES) and the
leading-edge subset (Subramanian et al., 2005).

The second step is the estimation of significance level of ES. The
statistical significance (nominal p-value) of the ES is estimated by
using an empirical phenotype-based permutation test that preserves
the complex correlation structure of the gene expression data. The
phenotype labels (L) are permuted and the ES of the S is recomputed
for the permuted data, which generates a null distribution for the
ES. The empirical, nominal p-value of the observed ES is then
calculated relative to this null distribution. The permutation of class
labels (groups) preserves gene-gene correlations and, thus, provides a
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more biologically reasonable assessment of significance than would be
obtained by permuting genes.

Finally, the third step consist on the adjustment for multiple
hypothesis testing. When an entire database of gene sets is evaluated,
the estimated significance level is adjusted for multiple hypothesis
testing. First, the ES is normalized for each gene set to account for
the size of the set, yielding a normalized enrichment score (NES).
Then, the proportion of false positives is controlled by calculating the
FDR12 corresponding to each NES.

In 2010, a modification of the GSEA methodology was presented
for metabolomics studies. This method was called Metabolite Set
Enrichment Analysis (MSEA) and its main aim was to help researchers
identify and interpret patterns of human and mammalian metabolite
concentration changes in a biologically meaningful context (Xia &
Wishart, 2010). MSEA is currently widely used in the metabolomics
community and it is implemented and freely available at the known
MetaboAnalyst web-based tool (Chong et al., 2018; Xia & Wishart,
2010).

As can be seen, GSEA approach is more complex than the
ORA methodology, both in terms of methodological aspects and
understanding of the method. Despite being widely used and covering
some limitations of ORA, the use of ORA still prevails over GSEA,
probably because of the mentioned complexity.

1.6.2 Biological significance analysis in nu-
trimetabolomics

Currently, BSA in nutrimetabolomics studies is conducted by non-
specific tools (e.g., ORA and MSEA methods conceived for general
metabolomics studies). These tools are available on di�erent powerful
and widely used platforms for metabolomics data analysis, such as the

12The False Discovery Rate (FDR) is a statistical approach used in multiple
hypothesis testing to correct for multiple comparisons. It is defined as the expected
proportion of type I errors (false positives).
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MetaboAnalyst web-based tool (Chong et al., 2018).

Often, these enrichment analysis methods use databases
such as KEGG (https://www.genome.jp/kegg/) or REACTOME
(https://reactome.org) to obtain the information of di�erent metabo-
lite sets and metabolic pathways (from endogenous metabolome).
However, the use of these generic databases, focused on metabolic
pathways of di�erent organisms, may exclude from analyses those
exogenous compounds derived from diet and other substances not
directly involved in metabolic pathways (e.g., food metabolome and
drug metabolome).

As explained before, nutrimetabolomics aims to study both the
endogenous compounds altered by diet, and the exogenous compounds
derived from food metabolism. Therefore, current methods provide
a solution for only the 50% of this purpose; the endogenous metabolites.

This current limitation claims for the development of new tools
and methods that allow researchers to perform robust enrichment
analyses using lists of metabolites derived from nutrimetabolomics
studies, considering both exogenous and endogenous metabolites and
their relationships with foods.

For this reason, di�erent methods have been developed in the
context of this thesis to make possible the new concept of “food
enrichment analysis”. These methodologies will allow researchers
to obtain enriched food groups based on metabolite lists instead of
classical enriched metabolic pathways.

This block constitutes one of the main objectives of this thesis and
all methods developed for this purpose have been integrated within the
fobitools framework, presented later in the “Results” section.

https://www.genome.jp/kegg/
https://reactome.org
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Objectives

This thesis focuses on the development of methods and tools to ad-
vance in the discovery of the complex relationships between diet and
food-derived metabolites, as well as to facilitate the interpretation of
the results in nutrimetabolomic studies. All developed methods and
tools will be published and/or distributed as open source resources,
accompanied whenever possible by a web interface to make them more
accessible to the community.

2.1 Main objective
The main objective of this thesis is the deeply study of the relationships
between the food metabolome and food intake in the context of di�erent
nutrimetabolomic studies. This is a transversal objective and all specific
objectives depend on it.

2.2 Specific objectives
Complementary to the main objective, the following list of specific
objectives is considered:

1. The development of an ontology that defines clearly the relation-
ships between metabolites and foods using a comprehensive and
standardized common language.

(a) The development of an open source tool that allows the
easy query and use of the ontology created in the specific
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objective 1. This tool will enable features such as:
i. Annotation of dietary free-text data.
ii. Biological significance analysis in nutrimetabolomic stud-

ies.
(b) Provide an open source GUI resource for the tool devel-

oped in the previous specific objective (a) to make it more
accessible to the scientific community.

2. The development of a tool for statistical analysis of metabolomics
data that includes alternative/complementary statistical methods
to help improve the biomarker discovery process in the context
of the nutrimetabolomic studies.

(a) Provide an open source GUI resource for the tool developed
in the specific objective 2 to make it more accessible to the
scientific community.

3. The application of the developed tools in the specific objectives 1
and 2 to real nutrimetabolomic studies.

(a) Identify metabolites or groups of metabolites associated with
the AHEI-2010 healthy diet index.

(b) Identify metabolites or groups of metabolites associated with
disease risk or health status.
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Chapter 3

Results

All publications presented in this thesis have been submitted to
international peer-reviewed journals. In this chapter, each publication
is presented as a brief summary of the paper content, presenting the
background, aim, results, and conclusions of the work, together with
the journal impact factor, quartile and decile (if the manuscript has
already been accepted).

The publications are divided into methodological developments
and applications of the developed methods. In the methodological
papers the main contributions fulfill the objectives of the thesis
while in the application papers, the developed methodology and
tools are applied to discover and identify metabolites associated
with diet (dietary biomarkers), AHEI-2010, and health status or disease.

The last section of this chapter is devoted to all software, both R
packages and GUIs, developed in the context of this thesis.

Those publications and developed tools not directly related to the
contents of the thesis are also included in the Appendix B.
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3.1 Methodological and software develop-
ments

3.1.1 Paper 1: Food-Biomarker Ontology
Pol Castellano-Escuder, Raúl González-Domínguez, David S.
Wishart, Cristina Andrés-Lacueva, Alex Sánchez-Pla (2020). FOBI: An
ontology to represent food intake data and associate it with metabolomic
data. Database, 2020.

• Journal impact factor: 2.593
• Journal quartile/decile: Q2/D3 (15 of 59 - Mathematical &

Computational Biology)

3.1.1.1 Background

As seen in section “Ontologies in nutrimetabolomics”, the complexity
and heterogeneity of metabolomics and nutritional data often hinder
their analysis and integration. Moreover, the relationships between
foods and their associated metabolites are extremely complex and the
way they are described varies tremendously across di�erent databases.
This lack of commonality makes imperative the development of a
comprehensive ontology to clearly define these relationships (Maruvada
et al., 2020).

3.1.1.2 Aim

The aim of this work was to develop an ontology to describe the many
complex relationships between diet-derived metabolites and foods
through a standardized common language.

3.1.1.3 Results

The ontology developed is called FOBI (Food-Biomarker Ontology)
and describes foods and their associated metabolite entities in a
hierarchical way using a formal naming system, category definitions,
properties, and relations between nutritional and metabolomics data.
FOBI is composed of two interconnected sub-ontologies. One is
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a “Food Ontology” consisting of raw foods and multi-component
foods while the second is a “Biomarker Ontology” containing food
intake biomarkers classified by their chemical classes. These two
sub-ontologies are conceptually independent but interconnected by
di�erent properties. This allows data and information regarding foods
and food biomarkers to be visualized in a bidirectional way, going from
metabolomics to nutritional data or vice versa. Potential applications
of FOBI ontology include the annotation of foods and biomarkers
using a well-defined and consistent nomenclature, the standardized
reporting of metabolomics workflows (e.g., metabolite identification,
experimental design), and the ability to perform di�erent biological
significance analyses in nutrimetabolomic studies.

Figure 3.1 illustrates the FOBI architecture considering the apple
term as an example. According to this, apple can be a raw food
with the following relationships: “apple is_a pomaceous fruit food
product is_a plant fruit food product is_a Fruits and vegetables
is_a Food” (the property is_a is represented by blue arrows). In
addition, apple can also be an ingredient in multi-component foods
such as apple pie, so that “apple IsIngredientOf apple pie is_a
bakery product is_a multi-component food is_a Food” as well “apple
pie Contains apple” (the properties IsIngredientOf and Contains
are represented by orange arrows). Considering phloretin and
5-(3’,4’-dihydroxyphenyl)-“-valerolactone as biomarkers of apple intake,
they can be categorized as “phloretin is_a 2’-Hydroxy-dihydrochalcone
is_a Chalcones and dihydrochalcones is_a Linear 1,3-diarylpropanoid
is_a Phenylpropanoids and polyketides is_a Biomarker” and “5-(3’,4’-
dihydroxyphenyl)-“-valerolactone is_a Catechol is_a Benzenediol
is_a Phenol is_a Benzenoid is_a Biomarker”. Because phloretin is a
specific marker of apple, this metabolite is exclusively connected via
the Food Ontology by the relationships “phloretin BiomarkerOf apple”
and “apple HasBiomarker phloretin” (the properties BiomarkerOf and
HasBiomarker are represented by yellow arrows). On the other hand,
5-(3’,4’-dihydroxyphenyl)-“-valerolactone can be derived from various
procyanidin-rich foods (cacao, tea), so it can be connected with them
following the same structure described for apple.
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Figure 3.1: The structure of FOBI for the apple term (Castellano-
Escuder et al., 2020).

FOBI is part of the OBO Foundry project and its identifiers have
been indexed into the HMDB (Human Metabolome Database) and
FooDB databases to facilitate the interoperability and the exchange of
data.

FOBI is freely available in both OWL and OBO formats
at the project’s Github repository (https://github.com/

pcastellanoescuder/FoodBiomarkerOntology).

3.1.1.4 Conclusion

FOBI is the first ontology that integrates nutritional and metabolomics
data in a comprehensive common language. At the moment, FOBI
has a total of 1197 terms (366 from Food sub-ontology and 831
from Biomarker sub-ontology), 11 chemical top-level classes, 13 food
top-level classes and 4 di�erent properties that are fully defined and
which have clear relationship mappings. FOBI defines the relationships
between foods and their metabolites (biomarkers) through a formal
ontology.

FOBI allows experts to annotate and analyze nutritional and
metabolomics data in a consistent way, making the results comparable

https://github.com/pcastellanoescuder/FoodBiomarkerOntology
https://github.com/pcastellanoescuder/FoodBiomarkerOntology
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between and across studies in the same field. The development of
FOBI will lead to an improvement in the interoperability of nutritional
and nutrimetabolomic data thereby making the data sets generated
from these studies fully FAIR compliant.

3.1.2 Paper 2: POMAShiny
Pol Castellano-Escuder, Raúl González-Domínguez, Francesc
Carmona-Pontaque, Cristina Andrés-Lacueva, Alex Sánchez-Pla (2021).
POMAShiny: a user-friendly web-based workflow for metabolomics and
proteomics data analysis. PLOS Computational Biology, 2021.

• Journal impact factor: 4.7
• Journal quartile/decile: Q1/D2 (6 of 59 - Mathematical & Com-

putational Biology)
• Journal quartile/decile: Q1/D2 (9 of 77 - Biochemical Research

Methods)

3.1.2.1 Background

As seen in section “Data analysis in nutrimetabolomics”, statistical
analysis is one of the critical points in nutrimetabolomics data analysis
and it is critical in the subsequent biological interpretation of the results.
Due to this fact combined with the computational programming skills
needed for this type of analysis, several bioinformatic tools have
emerged to simplify metabolomics data analysis. However, sometimes
the analysis is still limited to a few hidebound statistical methods and
to a low-flexible data sets.

Currently, statistical analysis of metabolomics data is mainly
conducted by using several programming tools (Stanstrup et al., 2019)
and/or via di�erent web-based tools (Chong et al., 2018; Davidson,
Weber, Liu, Sharma-Oates, & Viant, 2016; Giacomoni et al., 2015;
Tautenhahn, Patti, Rinehart, & Siuzdak, 2012) according to the
aims defined by researchers. Often, web tools are a very popular
choice for the community as they provide a fast and easy-to-use GUIs
and bring the statistical analysis closer to the community without
extensive programming skills. These web-based tools are very useful
and consequently, widely used by scientific community. However,
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additional statistical approaches that are not implemented in these
tools can be really useful in the analysis of these data.

3.1.2.2 Aim

The aim of this work was to develop a web-based tool for metabolomics
data analysis to provide alternative statistical methods for improving
the biomarker discovery process in the context of nutrimetabolomics
studies.

3.1.2.3 Results

POMAShiny is a web-based tool that provides a structured, flexible
and user-friendly workflow for the visualization, exploration, and
statistical analysis of metabolomics data.

Figure 3.2: POMAShiny’s workflow (Castellano-Escuder et al., 2021).
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POMAShiny provides an analysis workflow structured in four
sequential and well-defined panels: 1) data upload, 2) preprocessing,
3) exploratory data analysis (EDA), and 4) statistical analysis, all of
them with their respective sub-panels (Figure 3.2).

This tool integrates several statistical methods (see Table 3.1),
some of them widely used in other type of omics, and it is based on the
POMA R/Bioconductor package, which increases the reproducibility
and flexibility of analysis outside the web environment.

POMAShiny and POMA are both freely available at https:

//github.com/pcastellanoescuder/POMAShiny and https:

//github.com/pcastellanoescuder/POMA, respectively.

3.1.2.4 Conclusion

Despite the complexity of metabolomics and nutrimetabolomics data,
many of the most widely used web tools for the statistical analysis of
these data are not very versatile in the input data structure and limit
the analysis to a few statistical methods. POMAShiny is a web-based
tool that aims to cover some of these data analysis bottlenecks.

POMAShiny o�ers an integrated metabolomics data analysis
workflow with a wide range of possibilities both for data preprocessing
and statistical analysis, including outlier detection methods, flexible
exploratory data analysis operations, downloadable reports and
several statistical methods from simpler approaches such as univariate
statistics to more complex methods such as regularized regression and
machine learning algorithms. It requires two files as an input -the
target and features file- giving users the possibility to include relevant
study covariates (or confounding factors) in the analysis.

This intuitive and powerful web interface allows users to perform
an integrated data analysis in an interactive, well documented and
extremely user-friendly web environment, making data analysis process
more accessible to a wide range of researchers not so familiar with the
computing and/or statistical fields.

https://github.com/pcastellanoescuder/POMAShiny
https://github.com/pcastellanoescuder/POMAShiny
https://github.com/pcastellanoescuder/POMA
https://github.com/pcastellanoescuder/POMA
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Table 3.1: Statistical methods provided in POMAShiny. *Methods that
allow the use of covariates.

Univariate methods
Parametric

T-test (paired/unpaired)
ANOVA
ANCOVA*
Limma*

Non-parametric
Mann-Whitney U test
(paired/unpaired)
Kruskal-Wallis

Multivariate methods
Unsupervised

PCA
k-means
Multidimensional scaling
(MDS)

Supervised PLS-DA
sPLS-DA

Correlation methods

Parametric Pearson’s correlation*

Non-parametric Spearman’s correlation*
Kendall’s correlation*

Visualization Gaussian graphical
models (GGMs)

Statistical learning
methods

Regularized regression
LASSO regression
Ridge regression
Elasticnet regression

Decision trees Random forest
Generalized linear
models Logistic regression Odds ratio calculation*

Permutation tests Non-parametric Rank products
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3.1.3 Paper 3: The fobitools framework
Pol Castellano-Escuder, Cristina Andrés-Lacueva, Alex Sánchez-
Pla. The fobitools framework: The first steps towards food enrichment
analysis. Under review.

3.1.3.1 Background

As seen in section “Ontologies in nutrimetabolomics”, the field
of ontologies in life sciences has not stopped growing since the
development of the Gene Ontology around 2000 (Ashburner et al.,
2000). Currently, this field continues to grow and a wide variety
of ontologies have already been developed to cover many di�erent
life science domains (Hoehndorf et al., 2015). Despite the growing
exploitation of these ontologies in many research areas, some of them
are still underexploited due to the programming skills needed in many
cases to operate with them.

Among the wide range of applications that ontologies have,
probably the most widely known and used is enrichment analysis (see
“Biological significance analysis” section). Often, enrichment analysis
methodologies explore enriched metabolic pathways or biological
processes given a list of genes derived from omics experiments.
But what if the list to be tested is a list of metabolites from a
nutrimetamolomics study where a dietary intervention has been carried
out? In this case, a conventional metabolomics enrichment analysis
may be useful for exploring altered metabolic pathways if the tested
metabolites are endogenous (dietary biomarkers of e�ect). However,
if the study measures exogenous metabolites derived from food and
not present in the body (dietary biomarkers of intake), a conventional
analysis will not provide any valuable insights. In this work, the
food enrichment analysis concept is proposed for the first time. The
fobitools framework provides methodologies for performing food
enrichment analyses on nutrimetabolomic studies, that is, using the
FOBI information to explore enriched foods or food groups (instead of
pathways) given a list of exogenous metabolites (e.g., from the food
metabolome).

Additionally, other useful features, such as the FOBI network
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interactive visualization and the automatic annotation of dietary
free-text data using the FOBI information are also provided in this tool.

3.1.3.2 Aim

The main aim of this work was to provide a set of tools for
interacting and using FOBI ontology. Thus, facilitating and ex-
tending the use of FOBI ontology to the scientific community, not
only to researchers with high programming skills but to experts of
nutrition and metabolomics fields with limited programming experience.

3.1.3.3 Results

The fobitools framework is composed of the fobitools R/Bioconductor
package and the fobitoolsGUI web-based tool. Both fobitools package
and fobitoolsGUI web application are freely available at their GitHub
repository: https://github.com/pcastellanoescuder/fobitools

and https://github.com/pcastellanoescuder/fobitoolsGUI,
respectively.

The fobitools framework is structured in five main functionalities,
all of them executable from the R command line (via the fobitools
R/Bioconductor package) and from the web interface (via the
fobitoolsGUI application).

• Food enrichment analysis

ORA and MSEA are the most widely used methodologies for performing
enrichment analysis in metabolomics studies (Marco-Ramell et al.,
2018; Xia & Wishart, 2010). The fobitools framework provides a
couple of functions for performing ORA and MSEA analyses using
the metabolite and food sets defined in FOBI, thus the result of
these analyses consists of the enriched foods or metabolite sets by a
given list of metabolites. On the one hand, to perform the proposed
ORA, users need to define a “metabolite universe” (comprised of all
metabolites analysed in the study) and a list of selected metabolites
from that universe. On the other hand, to perform the MSEA proposed

https://github.com/pcastellanoescuder/fobitools
https://github.com/pcastellanoescuder/fobitoolsGUI
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method, users need to provide a metabolite ranked list containing all
metabolites analysed in the study with their metabolite-level statistics
sorted in decreasing order (see the fobitools use case). Furthermore,
for the two provided methods users can select one of the two FOBI
subontologies (Foods or Biomarkers) to be used in the analysis. If the
Food subontology is selected, a food enrichment analysis providing
enriched food groups will be carried out. Otherwise, if the Biomarker
subontology is selected, a conventional enrichment analysis using
FOBI’s chemical classes will be performed, providing enriched chemical
categories.

• Automatic dietary text annotation

Often, in nutritional studies, the manual annotation of dietary data
collected with self-reporting questionnaires (e.g., 24h DR) is a hard
and tedious process. The fobitools framework provides a function
for the fast automatic annotation of free dietary text data. This
function is composed of five sequential layers that use di�erent text
mining strategies as well as regular expressions and semantic similarity
techniques. This algorithm allows users to obtain the FOBI names and
identifiers of the entities in FOBI’s Food sub-ontology that match the
free text provided by users. See an example of text annotation with
fobitools package in the Table 3.2. The two text strings used in this
example were: “Yesterday I ate a delicious apple pie and a co�ee” and
“pizza without meat”, respectively.

• Network visualization

FOBI, like all ontologies, is a knowledge graph, which means,
graph-structured information. This feature allows users to visualize
specific user-defined parts of FOBI in the form of a graph. The
resultant network plots are designed to clearly di�erentiate the nodes
that belong to Food sub-ontology and those that belong to Biomarker
sub-ontology, using di�erent colors and shapes in the nodes. In
addition, the di�erent properties defined in FOBI, as well as is_a,
BiomarkerOf, and Contains, are also indicated with di�erent colors and
are easily identifiable. Figure 3.3 shows the resultant FOBI network of
plotting the annotated FOBI terms in Table 3.2. Note that property
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is_a is colored blue while the property Contains is colored yellow.

Fruits and vegetables

vegetarian pizza

Vegetarian dishes
Non vegetarian dishes

plant fruit food product

coffee based beverage product

pomaceous fruit food product

apple (whole)

apple pie

multi−component food

coffee (liquid drink)

beverage food product

bakery product

pizza food product

food (ready−to−serve)

Foods

cheese food product
vegetable food product

flour
butter hen egg (whole)

brown sugar
white sugar meat food product

Figure 3.3: FOBI sub-network corresponding to the annotated terms
in the Table 3.2. This network has been generated with the fobitools
package.

• FOBI parsing

FOBI is available in OWL (Web Ontology Language) and OBO
(Open Biomedical Ontologies) formats. These formats are common in
ontologies and easily interpretable by computers. However, it can be
di�cult for end-users to query or obtain information from ontologies in
these formats. This feature allows users to get information of specific
terms of FOBI or obtain all FOBI information in a human-readable
table format by parsing FOBI’s OBO format into a structured table.

• Identifier conversion

The almost 600 FOBI metabolites contain their associated identifiers for
di�erent databases, specifically, each FOBI metabolite contains its chem-
ical name, FOBI, HMDB, KEGG, PubChem, InChIKey, InChICode,
and ChemSpider identifier (if any). It is common to change the identi-
fiers from one type to another during the analysis, depending on the
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Table 3.2: Example of dietary free-text annotation with fobitools pack-
age.

FOOD_ID FOOD_NAME FOBI_ID FOBI_NAME
101 Yesterday I ate a

delicious apple pie
and a co�ee

FOODON:00002473 apple (whole)

101 Yesterday I ate a
delicious apple pie
and a co�ee

FOODON:00002475 apple pie

101 Yesterday I ate a
delicious apple pie
and a co�ee

FOODON:03301036 co�ee (liquid
drink)

101 Yesterday I ate a
delicious apple pie
and a co�ee

FOODON:00001139 co�ee based
beverage
product

102 pizza without
meat

FOODON:03310775 pizza food
product

102 pizza without
meat

FOBI:007956 vegetarian
pizza

database or ontology used. This feature allows users to easily switch the
identifiers of all compounds contained in FOBI among all the formats
mentioned above.

3.1.3.4 Conclusion

The fobitools framework consists of an R/Bioconductor package and a
web-based application with the clear aim of facilitating and extending
the use of FOBI ontology to the scientific community, focusing mainly
on users with limited programming experience. These two user-friendly
tools allow, among others, the visual exploration of FOBI using
dynamic and static network plots, the automatic annotation of dietary
text data through text mining algorithms, and the performance of food
enrichment analysis. All features provided in the fobitools framework
can be executed via a graphical user interface and command-line R
scripts.
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3.2 Application of developed tools

3.2.1 Paper 4: Assessing adherence to healthy
dietary habits through the urinary food
metabolome

Pol Castellano-Escuder, Raúl González-Domínguez, Marie-France
Vaillant, Patricia Casas-Agustench, Nicole Hidalgo-Liberona, Núria
Estanyol-Torres, Thomas Wilson, Manfred Beckmann, Amanda J Lloyd,
Marion Oberli, Christophe Moinard, Christophe Pison, Jean-Christian
Borel, Marie Joyeux-Faure, Mariette Sicard, Svetlana Artemova, Hugo
Terrisse, Paul Dancer, John Draper, Alex Sánchez-Pla, Cristina Andres-
Lacueva. Assessing adherence to healthy dietary habits through the
urinary food metabolome: results from a European two-centre study.
Submitted.

3.2.1.1 Background

Diet is one of the most important modifiable lifestyle factors in human
health and in chronic disease prevention. Thus, accurate dietary
assessment is essential to reliably evaluate the adherence to healthy
habits. In order to identify urinary metabolites that could serve as
robust biomarkers of the diet quality, we studied a population-based
cohort with repeated urine sampling and dietary assessment at baseline,
six and twelve months over a year. Urine samples were subjected
to large-scale metabolomics analysis for comprehensive quantitative
characterization of the food-related metabolome. Then, regularized
regression analysis was applied to identify those metabolites robustly
associated with the AHEI-2010, and to investigate the reproducibility
of these associations over time.

3.2.1.2 Aim

The aim of this study was to identify urinary metabolites that could
serve as robust biomarkers of the diet quality, assessed through the
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Alternative Healthy Eating Index 2010.

3.2.1.3 Study design

This work is part of the EIT Health project Cook2Health (Figure 3.4).
The Cook2Health project is a randomized iterventional study of 160
participants from two di�erent countries (United Kingdom and France)
where the half of these participants were provided with a cooking
device and nutritional coaching. Urine metabolites of all participants
were measured at three di�erent times of the study (baseline, six and
twelve months). At the same time points, FFQs and the AHEI-2010
were calculated for each participant.

Figure 3.4: Cook2Health project study design.

In this study, data from the Cook2Health project were used to
answer the question of the study, which was to explore associations
between AHEI-2010 and urine metabolites. However, in this study,
intervention was not considered as the main variable of the experiment,
although its e�ect was corrected in the analyses.

3.2.1.4 Results

The most remarkable result was the positive association of numerous
polyphenol microbial metabolites with the AHEI-2010 score, urinary
enterolactone glucuronide showed reproducible association at the
three study time points. Furthermore, strong associations were
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found between the AHEI-2010 and various metabolites related to the
intake of co�ee, red meat and fish, whereas other polyphenol phase II
metabolites were associated with higher AHEI-2010 scores at one of the
three time points investigated. Therefore, we have demonstrated that
urinary metabolites, and particularly microbiota-derived metabolites,
could serve as reliable indicators of the adherence to healthy dietary
habits.

3.2.1.5 Conclusion

This study has demonstrated that the urinary food-related metabolome
is strongly associated with the adherence to healthy dietary habits as
assessed through the AHEI-2010. Many of the metabolites identified
were microbial-derived compounds, thus supporting a major role of the
gut microbiota in the interplay between diet and health. Despite the
high variability across the three study time points for these compounds,
enterolactone glucuronide showed reproducible association over the
one-year follow-up. Furthermore, robust associations were found
between the AHEI-2010 score and various metabolites reflecting the
intake of co�ee, red meat and fish, whereas other food products showed
robust association at one of the three time points here investigated.

3.2.2 Paper 5: The food-related serum metabolome
associates with later cognitive decline in
older subjects

Raúl González-Domínguez, Pol Castellano-Escuder, Francisco Car-
mona, Sophie Lefèvre-Arbogast, Dorrain Y. Low, Andrea Du Preez,
Silvie R. Ruigrok, Claudine Manach, Mireia Urpi-Sarda, Aniko Ko-
rosi, Paul J. Lucassen, Ludwig Aigner, Mercè Pallàs, Sandrine Thuret,
Cécilia Samieri, Alex Sánchez-Pla, Cristina Andres-Lacueva. The food-
related serum metabolome associates with later cognitive decline in older
subjects: A twelve-year prospective observational study. Submitted.
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3.2.2.1 Background

Nowadays, diet is considered an important modulator of cognitive
decline and dementia, but the available evidence is, however, still
fragmented and often inconsistent. To decipher a role for diet in
the early onset of cognitive decline, we here studied the long-term
prospective Three-City Cohort, that consists of two separate, nested
case-control sample sets from di�erent geographic regions (Bordeaux
and Dijon). The food-related and microbiota-derived circulating
metabolome was studied in participants free of dementia at baseline,
by subjecting serum samples to large-scale, quantitative metabolomics
analysis.

3.2.2.2 Aim

The main aim of this study was to determine if the early onset of
cognitive decline associates with food-related serum metabolome.
Then, the secondary aim of this study was to determine which specific
metabolites (from the food metabolome) associate with cognitive
decline.

3.2.2.3 Study design

This work is part of the D-CogPlast project. The D-CogPlast project
is an observational study that involves nested case-control samples
built among participants from three French cities (Bordeaux, Dijon
and Montpellier). This study is a population-based cohort on dementia
that includes older persons (>65 years) (Table 3.3). Sociodemographic
and lifestyle characteristics, medical information, neuropsychological
testing, blood pressure, anthropometric measurements and fasting
serum samples were collected at baseline, and follow-up visits were then
scheduled every two-three years for neuropsychological assessment.
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Table 3.3: Clinical and demographic characteristics of the discovery and
validation case-control samples of the D-CogPlast study.

Bordeaux
samples

Dijon
samples

Cases
(N=209)

Controls
(N=209)

Cases
(N=212)

Controls
(N=212)

Age (years) 75.9 ± 4.5 75.7 ± 4.2 76.5 ± 5.2 76.1 ± 4.7
Gender
(male/female) 71/138 71/138 78/134 78/134

Education level,
Ø secondary
school (%)

28.7 28.7 28.3 28.3

BMI (kg m-2) 26.8 ± 4.4 26.1 ± 3.6 25.8 ± 4.6 25.1 ± 3.6
Number of
medications
regularly
consumed

4.9 ± 2.7 4.1 ± 2.4 5.5 ± 3.0 4.0 ± 3.0

ApoE-‘4 (%) 25.8 12.0 26.9 20.8
Diabetes (%) 12.9 5.7 12.7 5.7
History of
cardiovascular
diseases (%)

33.5 27.8 41.0 30.2

From the entire Bordeaux and Dijon cohorts, eligible participants
were selected for the presented study if they were not diagnosed with
dementia at baseline, had available serum samples, and had at least
one repeated cognitive evaluation over the subsequent 12 years. To
build the case-control samples on cognitive decline, a composite score
of global cognition was defined at each follow-up visit as the average
of five neuropsychological tests, defining cases as the participants
with the worst results on these tests. Then, each case was matched
to a control with the same age, gender and education level. Serum
metabolites were compared between cases and controls in order to find
novel associations between serum metabolome and cognitive decline.
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3.2.2.4 Results

The results revealed a protective association between metabolites
derived from cocoa, co�ee, mushrooms, red wine, the microbial
metabolism of polyphenol-rich foods, and cognitive decline. A harmful
association was found with metabolites related to unhealthy dietary
components, such as artificial sweeteners, alcohol and food additives.
Furthermore, we found associations indicating that perturbations in
the microbiota-related metabolism of aromatic amino acids and of
fatty acid —-oxidation might be involved in cognitive decline. Although
the specific metabolite signatures were di�erent between the two study
sample sets, due to inter-individual variability factors, a substantial
part of these findings was consistent across the two samples, suggesting
robust support for such an association.

3.2.2.5 Conclusion

This study suggests that food-related and microbiota-derived metabo-
lites may play an important role in the later development of cognitive
decline. These results support a protective association between
metabolites reflecting the consumption of polyphenol-rich foods (e.g.,
fruits and vegetables), cocoa, co�ee, mushrooms and red wine with
cognitive decline, whereas other food components related to unhealthy
dietary components (e.g., alcohol, artificial sweeteners) may have
deleterious e�ects on cognition.

3.3 Software

3.3.1 R/Bioconductor packages
Two Bioconductor (Gentleman et al., 2004) packages were developed
in the context of this thesis: the POMA and fobitools packages.

All software described here was developed using the R programming
language (R Core Team, 2019) and following the best practices for R
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package development described in Hadley Wickham’s book R packages
(Wickham, 2015). In addition, all packages described here were written
following the tidyverse (Wickham et al., 2019) philosophy, in order
to keep all code clean and readable, facilitating the contribution of
other users and the software maintenance. These two packages are
tested with a well defined testthat architecture (Wickham, 2011) on a
continuous integration system using GitHub Actions, covering tests on
Linux, Mac and Windows OS with current R versions.

3.3.1.1 POMA

This package introduces a structured, reproducible and easy-to-use
workflow for the visualization, preprocessing, EDA, and statistical
analysis of metabolomics data, enabling a flexible data cleaning and
statistical analysis processes in one comprehensible and user-friendly
R/Bioconductor package.

POMA uses MSnSet S4 class objects defined in the MSnbase pack-
age (Gatto & Lilley, 2012) which inherits from class eSet of the Biobase
package (Huber et al., 2015) and is fully integrated in the Bioconductor
environment. POMA is available at https://bioconductor.org.

Available documents:

• POMA manual
• POMA vignette: POMA Workflow (see the POMA use case)
• POMA vignette: POMA Normalization
• POMA vignette: POMA EDA Example
• POMA website: https://pcastellanoescuder.github.io/

POMA/

• POMA GitHub repository: https://github.com/pcastellanoescuder/

POMA

3.3.1.2 fobitools

This package provides a set of functions for interacting with FOBI
(Castellano-Escuder, González-Domínguez, Wishart, Andrés-Lacueva,
& Sánchez-Pla, 2020). This package is focused on the novel concept of
food enrichment analysis in nutrimetabolomic studies. However, other

https://bioconductor.org
https://pcastellanoescuder.github.io/POMA/
https://pcastellanoescuder.github.io/POMA/
https://github.com/pcastellanoescuder/POMA
https://github.com/pcastellanoescuder/POMA
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useful features such as the network interactive visualization of FOBI
and the automatic annotation of dietary free-text data are also provided
The fobitools package is available at https://bioconductor.org..

Available documents:

• fobitools manual
• fobitools vignette: Simple food ORA
• fobitools vignette: Use case ST000291 (see the fobitools use case)
• fobitools vignette: Use case ST000629
• fobitools vignette: Dietary text annotation
• fobitools website: https://pcastellanoescuder.github.io/

fobitools/

• fobitools GitHub repository: https://github.com/pcastellanoescuder/

fobitools

3.3.2 Graphical User Interfaces
Three graphical user interfaces (GUIs) were developed in the context
of this thesis. The first two GUIs POMAShiny and fobitoolsGUI
are based on the functions of the two R packages described in the
above section, while the third GUI is based on two preexisting
R/Bioconductor packages named msmsEDA (Gregori et al., 2020a)
and msmsTests (Gregori et al., 2020b).

All these three GUIs have been developed in R and using the Shiny
framework (Chang, Cheng, Allaire, Xie, & McPherson, 2020).

3.3.2.1 POMAShiny

POMAShiny is a web-based tool that provides a structured, flexible and
user-friendly workflow for preprocessing, exploration, and statistical
analysis of metabolomics data. This tool is based on the POMA
R/Bioconductor package, which increases the reproducibility and
flexibility of the analysis outside the web environment. POMAShiny’s
workflow is structured in four sequential and well-defined panels: 1)
data upload, 2) preprocessing, 3) EDA and 4) statistical analysis panels.

Available documents:

https://bioconductor.org
https://pcastellanoescuder.github.io/fobitools/
https://pcastellanoescuder.github.io/fobitools/
https://github.com/pcastellanoescuder/fobitools
https://github.com/pcastellanoescuder/fobitools
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• POMAShiny URL: https://webapps.nutrimetabolomics.

com/POMAShiny

• POMAShiny GitHub repository: https://github.com/

pcastellanoescuder/POMAShiny

• POMAShiny Docker image: https://hub.docker.com/

repository/docker/pcastellanoescuder/pomashiny

Figure 3.5: Screenshot of the POMAShiny Home page.

3.3.2.2 fobitoolsGUI

The fobitoolsGUI is a web-based tool based on the fobitools R
package. This user-friendly web interface provides a set of tools
for interacting with FOBI. A collection of basic manipulation
tools for biological significance analysis, graph visualization and
text mining strategies for annotating nutritional data are provided here:

• FOBI graph static visualization
• FOBI graph dynamic visualization
• Extract FOBI information in a downloadable table
• Compound ID conversion (among metabolite names, FOBI, Chem-

Spider, KEGG, PubChemCID, InChIKey, InChICode and HMDB
IDs)

• Biological significance analysis using ORA and MSEA methods:

https://webapps.nutrimetabolomics.com/POMAShiny
https://webapps.nutrimetabolomics.com/POMAShiny
https://github.com/pcastellanoescuder/POMAShiny
https://github.com/pcastellanoescuder/POMAShiny
https://hub.docker.com/repository/docker/pcastellanoescuder/pomashiny
https://hub.docker.com/repository/docker/pcastellanoescuder/pomashiny
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– Chemical class enrichment analysis: ORA and MSEA using
FOBI chemical classes as metabolite sets

– Food enrichment analysis: ORA and MSEA using FOBI
food groups as metabolite sets

• Text mining algorithm for annotating free-text dietary data

Available documents:

• fobitoolsGUI URL: https://webapps.nutrimetabolomics.

com/fobitoolsGUI

• fobitoolsGUI GitHub repository: https://github.com/

pcastellanoescuder/fobitoolsGUI

Figure 3.6: Screenshot of the fobitoolsGUI Enrichment Analysis page.

3.3.2.3 POMAcounts

POMAcounts is a web-based tool for EDA and statistical analysis
of mass spectrometry spectral counts data. This GUI is based on
the R/Bioconductor packages msmsEDA (Gregori et al., 2020a) and
msmsTests (Gregori et al., 2020b). The name of POMAcounts is given
by the large similarity of both the frontend and the backend that it
shares with POMAShiny.

Available documents:

https://webapps.nutrimetabolomics.com/fobitoolsGUI
https://webapps.nutrimetabolomics.com/fobitoolsGUI
https://github.com/pcastellanoescuder/fobitoolsGUI
https://github.com/pcastellanoescuder/fobitoolsGUI
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• POMAcounts URL: http://uebshiny.vhir.org:3838/

POMAcounts

• POMAcounts GitHub repository: https://github.com/

pcastellanoescuder/POMAcounts

Figure 3.7: Screenshot of the POMAcounts Home page.

http://uebshiny.vhir.org:3838/POMAcounts
http://uebshiny.vhir.org:3838/POMAcounts
https://github.com/pcastellanoescuder/POMAcounts
https://github.com/pcastellanoescuder/POMAcounts


Chapter 4

Discussion

While a summary of each publication is included in the results
section and the whole discussion of each publication is included in the
appendices, this chapter aims to provide an overview of this thesis
through a general discussion that encompasses all the individual results
presented above.

As explained in the introduction, nutrimetabolomics is the
integration of the fields of nutrition and metabolomics, becoming one
of the most promising ways to improve nutritional assessment and
dietary treatments in the future (Ulaszewska et al., 2019).

However, nutrimetabolomics also combine the intrinsic complexity
of each of the two fields it integrates, dealing with challenges that
make it di�cult to analyse and interpret its results. For example,
low reproducibility of urine metabolomics analyses using LC-MS,
bias in nutritional data obtained through dietary questionnaires,
or large interindividual variability of subjects in observational and
interventional studies. In addition, many of the relationships between
diet-derived metabolites and foods are not fully known, leading to
discussion, and making it di�cult not only to identify potential
dietary biomarkers or to develop predictive models, but to study basic
relationship between the fields of nutrition and metabolomics.

For this reason, all the resources and tools developed in the
context of this thesis arise from this complexity of nutrimetabolomics
data, proposing alternatives focused on improving their integration,
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statistical analysis, and biological interpretation.

A detailed knowledge of the complex interrelationships between
foods, food components, and food intake biomarkers is critical for
understanding nutrition and metabolism. This understanding will
allow to obtain much more accurate and objective dietary assessments
based on metabolomics in the future. In turn, it will also help develop
personalized nutritional strategies to design specific diets based on
the patient’s phenotype, disease status, microbiome, or metabolome,
among others.

In view of this scenario, the first main objective of this thesis was
focused on studying, characterizing, and defining the relationships
between metabolites and diet in a clear and robust way, providing the
scientific community with a consensus starting point when designing
nutrimetabolomics studies, interpreting their results or establishing
comparisons and meta-analyses between di�erent studies in this field
(specific objective 1).

Currently, di�erent complete and useful databases provide informa-
tion on those metabolites associated with certain foods, such as the
Exposome-Explorer (Neveu et al., 2016), Phenol-Explorer (Rothwell
et al., 2013), PhytoHub (http://phytohub.eu/) and Food Database
(FooDB) (http://foodb.ca/). However, these resources describe this
information in a very accurate but also heterogeneous way, making it
di�cult to compare studies and sometimes providing slightly di�erent
information for the same compounds or foods. Furthermore, despite
the computational advantages it entails (see the “Ontologies” section),
there is currently no resource in the form of an ontology to define these
associations.

For this reason, we have developed the FOBI ontology (specific
objective 1). FOBI is a specific ontology for the field of nu-
trimetabolomics composed of two subontologies with independent
but interrelated hierarchical information; the Food subontology and
Biomarker subontology. Food subontology consists of di�erent raw
and complex (multi-component) foods grouped according to their
nutritional groups, while Biomarker subontology contains dietary
metabolites classified according to their chemical classes. In this way,

http://phytohub.eu/
http://foodb.ca/
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the common and standardized language used to define and relate the
elements of each subontology allows users to interpret the relationships
between foods and biomarkers at both user and computational levels.
Thus, FOBI can be used for di�erent purposes, from making simple
queries to complex computational queries using all the information
stored in the ontology.

Ontologies facilitate many practical applications in the field of
bioinformatics, such as annotating entities, performing di�erent
enrichment analyses, performing semantic similarity analyses, or
even discovering new relationships between entities (Hoehndorf et
al., 2015). In the case of FOBI ontology, the clearest application
is the annotation of foods and dietary biomarkers, facilitating the
comparability and interoperability between studies and projects
in the field of nutrimetabolomics. Since FOBI provides detailed
definitions of the associations between di�erent types of foods and
their associated metabolites, it becomes a significant improvement for
nutrimetabolomics research.

FOBI information can also serve to facilitate study designs, from
hypothesis generation (e.g., expected metabolites that occur after a
dietary intervention) to experimental design (e.g., optimization of
targeted metabolomics methods focused on metabolites of interest). In
addition, one of the main applications of FOBI is the ability to perform
biological significance analyses in nutrimetabolomic studies, which
until now was not possible due to the lack of specific methodologies.

The FOBI ontology consists of paper 1, presented in the results
section.

As briefly explained in the introduction, one of the main reasons
that hinders the use of ontologies is the required programming
knowledge to interact with them, extract information, and use them
in general. FOBI, like any ontology, also has this limitation. For this
reason, once FOBI was developed, we considered to o�er users of the
nutrimetabolomics community a resource for using FOBI in an easy and
fast way. This led to specific objective 1a and specific objective 1b.

In order to o�er users the ability to carry out some of the FOBI
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ontology applications mentioned above, we developed the fobitools
framework, specifically focused on the new concept of food enrichment
analysis.

The fobitools framework consists of a Bioconductor package
(specific objective 1a) and a web application (specific objective
1b) that aim to facilitate and extend the use of the FOBI ontology to
the scientific community. These two tools were developed following the
“user-friendly” philosophy and allow, among others, the performance
of di�erent food enrichment analyses, the exploration of FOBI using
static and dynamic network plots and automatic annotation of free
dietary text data using text mining algorithms.

This is an open-source project, so the scientific community can
easily use and contribute to it. Thus, fobitools framework allows
researchers to use the FOBI ontology in a quick and easy way, either
from the R command line or from the web application, where users do
not need to have programming notions.

This tool introduces the concept of food enrichment analysis for
the first time, allowing users to explore enriched foods or food groups
based on lists of metabolites obtained in nutrimetabolomics studies.

While this tool can be a substantial improvement for the inter-
pretation of results in nutrimetabolomics studies, some limitations
should also be noted. Currently, since the FOBI ontology is in its
first release version, the analysis with the fobitools framework may be
limited to a small number of foods and metabolites in comparison to
other ontologies and databases. Thus, future e�orts will be aimed at
expanding the FOBI ontology, leading to an increase in the number of
metabolites, foods, and metabolite-food relationships. On the other
hand, the fobitools framework provides the methodology for interacting
and using the FOBI ontology regardless of the amount of information
it contains. Therefore, future improvements on FOBI will have a
direct impact on the fobitools framework, increasing its usefulness and
allowing more accurate, complete, and robust analyses. Regarding
the future software enhancements of fobitools, these will be primarily
intended at implementing new enrichment analysis methods.
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The fobitools framework consists of paper 3, presented in the
results section. Unfortunately, although this tool is already in use, it
has not been applied in publications 4 and 5 because this tool and
these papers were carried out simultaneously.

The second major goal of this thesis was the development of
methods and tools for contributing to the improvement of the data
analysis process in metabolomics (and therefore nutrimetabolomics)
studies to help improve the biomarker discovery process, among others
(specific objective 2).

Often one of the main applications of metabolomics is the
characterization of new therapeutic targets in the fields of human
health and personalized medicine (Wishart, 2016). For this reason,
over the last decade several tools have emerged for contributing to the
analysis of such complex data (Stanstrup et al., 2019). However, many
of them still limit the analysis to a small number of statistical methods
(Gardinassi, Xia, Safo, & Li, 2017), which forces researchers to use an
extensive battery of di�erent tools to meet all the needs of the analysis.

In order to contribute to the extension of methods and tools avail-
able for the analysis of metabolomics data, the web tool POMAShiny
developed in the context of this thesis, provides a complete and
structured workflow that covers most of the data analysis processes,
including preprocessing, exploration and statistical analysis, with the
intention of being a complementary, easy to use and intuitive tool that
addresses some of the problems that are not covered by other tools
(specific objective 2a). This workflow is integrated into an attractive
graphical user interface that provides several methods for data analysis,
including univariate statistical methods, multivariate and dimension
reduction methods, feature selection methods, regularized regression
approaches, machine learning classification algorithms, prediction
model strategies, and various high-quality interactive visualization
options.

This new tool is based on the POMA Bioconductor package
(specific objective 2) and integrates many of the most widely used
methods for metabolomics data analysis (Gardinassi et al., 2017;
Stanstrup et al., 2019), as well as incorporating new useful and powerful
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alternatives. POMAShiny allows users to perform an integrated
data analysis in an interactive, intuitive, and well-documented web
environment, making the data analysis process more accessible to a
wide range of researchers.

The joint existence of both the POMA package (fully integrated
within the Bioconductor environment) and the POMAShiny web
interface means a huge increase in the reproducibility of the tool,
also contributing to the reusability of existing methods in the R and
Bioconductor environments (Gentleman et al., 2004; R Core Team,
2019), in addition to allowing the easy extension, integration, and
interoperability with other workflows, such as the RforMassSpectrome-
try initiative (RforMassSpectrometry.org), which provides the data
structures used in the POMA package. Therefore, users can perform
spectra data processing and other routine MS workflow operations
using the RforMassSpectrometry initiative packages and then easily
migrate to POMA/POMAShiny to perform the statistical analyses.

The POMAShiny web aplication consists of paper 2, presented in
the results section.

�
With the achievement of specific objectives 1 and 2, this
thesis presents a set of tools and resources that allow re-
searchers to conduct statistical analyses of metabolomics
studies using a wide variety of methods, as well as providing
the results of these analyses with their biological significance
in a nutrimetabolomics context. In addition, graphical user
interfaces are provided for all the tools presented in this
work, facilitating their use regardless of users’ programming
knowledge.

Regarding the specific objective 3, this thesis also presents two
nutrimetabolomic studies where several data analysis concepts have
been applied as well as di�erent statistical methodologies provided by
the tools and resources discussed previously.

In the first of these studies, the goal was to identify metabolites or
groups of metabolites associated with the AHEI-2010 score (Chiuve et
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al., 2012) (specific objective 3a).

Although numerous studies have previously investigated the
association between circulating metabolites and consumption of certain
food groups, only a few of them have focused on the identification of
biomarkers of healthy dietary patterns. In this regard, several studies
have recently addressed the identification of potential metabolomic
markers of AHEI-2010 in serum and plasma samples from di�erent
populations (Akbaraly et al., 2018; Bagheri et al., 2020; McCullough et
al., 2019; Walker et al., 2020).

In this work, we aimed to identify urinary metabolites associated
with the AHEI-2010, which could serve as biomarkers of adherence to
healthy dietary patterns.

In this study, the POMA tool (paper 2) was used to perform
all preprocessing and exploratory analysis processes, and part of the
statistical analysis.

We used both LASSO and limma approaches to identify those
urinary metabolites associated with healthy and unhealthy dietary
habits. Urinary enterolactone glucuronide levels were positively
associated with the AHEI-2010 score using both methodologies. This
association was consistently replicated at the three study time points
investigated.

Enterolactone is the main microbial-derived metabolite of dietary
lignans, a subclass of polyphenols widely distributed in plant foods
such as fruits, vegetables, wholegrains, legumes and nuts (Senizza et
al., 2020). Lignans are known to have di�erent anti-inflammatory and
antioxidant properties; several epidemiological studies have shown that
high circulating concentrations of enterolactones are associated with a
lower risk of cardiovascular disease (Rienks, Barbaresko, & Nöthlings,
2017), di�erent cancers (Micek et al., 2021), and neurodegenerative
disorders (Reddy et al., 2020), among others. Therefore, this metabolite
could be considered as a reliable and robust biomarker to assess
adherence to healthy dietary patterns.

The LASSO regression also identified a reproducible association of



92 Chapter 4. Discussion

the metabolite 5-(hydroxymethyl-2-furoyl)glycine with high AHEI-2010
scores over time, as well as a positive association with 2-furoylglycine in
one of the three time points studied. Furan metabolites have previously
been proposed as biomarkers of various heat-processed food products,
such as nuts (Prior, Wu, & Gu, 2006) and co�ee (Heinzmann, Holmes,
Kochhar, Nicholson, & Schmitt-Kopplin, 2015).

Additionally, although it was not corroborated in the three time
periods studied, a strong negative association was also found between
L-carnitine and AHEI-2010, along with a negative association of
carnosine, reflecting a harmful e�ect of the consumption of red
and processed meat on health. Moreover, a negative association
of tobacco-derived metabolites with AHEI-2010 was also identified.
In contrast, several metabolites reflecting fish and shellfish intake
showed positive associations with AHEI-2010. In addition, other
consistent associations between the AHEI-2010 score and other
candidate biomarkers for food intake defined in the FOBI ontology
(Castellano-Escuder et al., 2020) (paper 1) were also identified, but
only in one of the three time points investigated. A positive association
was found between AHEI-2010 and several metabolites of red wine
(e.g., resveratrol), citrus, olive oil, and berries.

In conclusion, these results show that several diet-related metabo-
lites are strongly associated with adherence to healthy dietary habits
assessed with the AHEI-2010 (paper 4).

Finally, the second application study presented in this thesis aimed
to identify metabolites or groups of metabolites associated with disease
risk or health status (specific objective 3b).

The association of modifiable lifestyle factors with the pathogenesis
of cognitive decline (CD) and dementia is well accepted today (Peters et
al., 2019). Diet has been identified as a key factor in maintaining proper
brain function (Flanagan et al., 2020). In fact, many components
of the diet can modulate the molecular mechanisms that contribute
to CD, including oxidative stress, neuroinflammation, and vascular
dysfunction (Vauzour et al., 2017).

The aim of this study was to decipher the role of diet in the
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development of cognitive decline through a large-scale targeted
metabolomics approach.

In this study, the POMA tool (paper 2) was also used to carry
out all preprocessing and exploratory analysis processes, including the
imputation of missing values, data normalization and treatment of
outliers (or atypical samples).

In order to identify serum metabolites associated with CD, we used
a conditional logistic LASSO regression combined with the bootstrap
technique, to stabilize the results and the intrinsic variability of the
LASSO method.

Many of the metabolites identified in the two study populations
(see the “Paper 5” section), including polyphenol derivatives and
aromatic amino acids, suggest a close interaction between diet,
microbiota, and CD. The gut microbiota has been recognized as an
important factor in health and cognition, as many microbial-derived
metabolites have essential metabolic and signalling properties
that can modulate brain function (Needham, Kaddurah-Daouk, &
Mazmanian, 2020; Parker, Fonseca, & Carding, 2020). Therefore, it
has been hypothesized that the gut microbiota and the molecules
it produces could be part of a network that links diet to cognitive
function through the “gut-brain axis” (Collins, Surette, & Bercik, 2012).

In both study populations, an inverse association was observed
between various phenolic acids and other plant-derived metabolites
with the risk of CD, providing more evidence on the protective e�ect
of eating polyphenol-rich foods (i.e., fruits and vegetables) against CD
(Mottaghi, Amirabdollahian, & Haghighatdoost, 2018).

In line with the previous study of the D-CogPlast project, performed
using an untargeted metabolomic approach (Low et al., 2019), we also
observed a negative association between 3-methylxanthine (a metabolite
derived from theobromine present in cocoa) and CD. The circulating
levels of 3-methylxanthine were highly correlated with theobromine,
which was also negatively associated with CD in both populations,
reinforcing the protective e�ect of cocoa consumption against CD
(Moreira, Diógenes, Mendonca, Lunet, & Barros, 2016). In addition,
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the results of this work also suggest that co�ee intake is negatively
associated with the risk of CD (protective e�ect). As explained
above, 2-furoylglycine is a biomarker of co�ee consumption, which was
found to be associated with a lower risk of CD in both study populations.

In addition to these potentially protective associations between
polyphenol-rich foods, cocoa, co�ee, red wine, and CD, these
results also point to a harmful association of certain dietary compo-
nents on cognitive function, including, for example, artificial sweeteners.

In conclusion, these results suggest a protective association mainly
of microbiota-derived metabolites, fruits and vegetables, and co�ee
with cognitive decline, while other metabolites related to unhealthy
dietary habits, such as sugar-sweetened drinks, can have detrimental
e�ects on cognition (paper 5).
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Part III

Conclusions
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This thesis has studied the essential aspects of dietary biomarker
discovery by metabolomics and the bases of biological significance
analyses in nutrimetabolomic studies. The main contributions to these
areas are highlighted below. Specifically, it has been shown that:

• FOBI is the first ontology that integrates nutritional and
metabolomics data using a standardized common language to
define the relationships between foods and their associated
metabolites. At the moment, FOBI has a total of 1197
well-defined terms, 11 chemical top-level classes, 13 food top-level
classes and 4 di�erent properties with clear relationship mappings.

• FOBI allows experts to annotate and analyze nutritional and
metabolomics data in a consistent way, making the results
comparable between and across studies of these fields. The
development of FOBI will lead to an improvement in the
interoperability of nutritional and nutrimetabolomics data,
thereby making the data sets generated in these studies fully
FAIR compliant.

• POMAShiny is a user-friendly web-based tool that provides an
integrated metabolomics data analysis workflow with a wide
range of possibilities, both for data preprocessing and statistical
analysis, including outlier detection methods, flexible exploratory
data analysis operations, downloadable reports and several
statistical methods from simpler approaches such as univariate
analyses to more complex methods such as regularized regression
and machine learning algorithms.

• The fobitools framework consists of an R/Bioconductor package
and a web-based application that provide an infrastructure to
interact with FOBI ontology in a highly user-friendly way. This
framework allows researchers to perform enrichment analyses in
nutrimetabolomic studies, among other useful operations, such as
the network interactive visualization of FOBI and the automatic
annotation of dietary free-text data using the FOBI information.
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• The urinary food metabolome is strongly associated with
adherence to healthy dietary habits as assessed through the
AHEI-2010. Many of the associated metabolites discovered were
microbial-derived compounds, including enterolignans, urolithins
and phenolic acids, thus supporting a major role of the gut
microbiota in the interplay between diet and health.

• Food-related and microbiota-derived metabolites may play an
important role in the later development of cognitive decline.
Those metabolites reflecting the consumption of polyphenol-rich
foods, cocoa, co�ee, mushrooms and red wine showed a protective
e�ect on cognitive decline, whereas other dietary metabolites
related to unhealthy dietary components showed deleterious
e�ects on cognition.

The developed tools have been implemented in two R/Bioconductor
packages -POMA and fobitools- freely available at Bioconductor,
and their dissemination has been facilitated by two graphical user
interfaces -POMAShiny and fobitoolsGUI- publicly available at GitHub.

https://bioconductor.org
https://github.com
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Part IV

Resum en català
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Chapter 5

Introducció

El descobriment de les relacions entre nutrició i salut és un dels
principals objectius de la nutrició moderna. Gràcies als grans avenços
en el camp de la metabolòmica en els darrers anys, aquesta tècnica
d’alt rendiment s’ha convertit en un aliat indispensable per a la recerca
nutricional, essent la metabolòmica nutricional (o nutrimetabolòmica)
una eina clau per explorar les relacions entre dieta i salut i per predir
la ingesta d’aliments mitjançant perfils metabolòmics, entre d’altres.

Tanmateix, moltes de les relacions entre els metabòlits i els aliments
encara no estan del tot clares i són objecte de discussió, cosa que
requereix estudis més profunds en aquesta àrea. Aquesta tesi se centra
en l’estudi exhaustiu d’aquestes relacions entre metabòlits i dieta per
tal d’entendre millor la seva complexitat i contribuir a la millora i
simplificació de l’anàlisi de dades de nutrimetabolòmica, així com a la
millora de la interpretació biològica dels seus resultats.

Per assolir aquest objectiu, aquest treball proposa diferents eines
bioinformàtiques dissenyades per als problemes derivats de l’anàlisi i
integració d’aquestes dades. Diferents eines i recursos, com ara una
ontologia que defineix les relacions entre metabòlits i aliments, una
eina d’anàlisi estadística per a dades de metabolòmica i eines per a
l’anàlisi de la significació biològica en estudis de nutrimetabolòmica es
presenten a continuació.
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5.1 Metabolòmica
En ciències de la vida, el sufix “-omic” fa referència a la caracterització
i quantificació conjunta de grups de molècules biològiques que es
tradueixen en l’estructura, la funció i la dinàmica d’un organisme. Per
tant, les diferents disciplines d’estudi d’alt rendiment es classifiquen
com a “omiques” diferents dins el món de la biologia, sent la genòmica,
la transcriptòmica, la proteòmica i la metabolòmica les principals i
més estudiades, respectivament.

5.1.1 Metaboloma
El metaboloma és el conjunt de totes les molècules de baix pes
molecular (metabòlits) presents en un sistema biològic. És el resultat
de les reaccions bioquímiques catalitzades per les proteïnes del
proteoma i determina el fenotip final de l’organisme. El nombre dels
diferents compostos del metaboloma varia segons l’organisme, però
canvia constantment a causa de totes les reaccions químiques que es
produeixen a l’organisme (Færgestad et al., 2009).

5.1.1.1 Metaboloma humà

Concretament, aquesta tesi se centra en el metaboloma humà, compost
per tots els metabòlits que es troben en el cos humà. Al seu torn,
tots aquests metabòlits que constitueixen el metaboloma humà poden
provenir de quatre fonts ben definides descrites a continuació:

• Metaboloma alimentari

Durant els darrers 15 anys, s’han proposat diferents definicions per
aquest tipus de metaboloma (Cevallos-Cevallos et al., 2009; Fardet et
al., 2008; Wishart, 2008), però, el més acceptat avui és el següent:

“El metaboloma alimentari es defineix com la part del metaboloma
humà derivada directament de la digestió i la biotransformació dels
aliments i els seus components” (Scalbert et al., 2014).
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Segons aquesta definició, el metaboloma alimentari no considera
aquells compostos presents en la naturalesa dels aliments, sinó els
compostos derivats de l’absorció, la digestió i les transformacions
bioquímiques que experimenten els aliments després de la ingestió.
Aquest tipus de metaboloma humà es compon de més de 25.000
compostos i és extremadament complex i variable segons la dieta.
Aquesta tesi se centra principalment en aquest tipus de metaboloma.

• Metaboloma endogen

El metaboloma endogen és el conjunt de compostos presents en el
metaboloma humà que són produïts de manera natural per l’organisme.
De la mateixa manera que el metaboloma alimentari, aquest
metaboloma també es pot veure influït per la dieta, ja que aquesta pot
alterar els metabòlits endògens i les vies metabòliques en que participen.

• Metaboloma de farmacològic i de contaminants

El metaboloma farmacològic és el conjunt de compostos xenobiòtics
derivats de medicaments i/o nutracèutics presents en el metaboloma
humà, mentre que el metaboloma de contaminants està compost per
derivats metabòlics de la contaminació ambiental.

5.1.2 Tècniques d’obtenció de perfils de metabolòmics
Les tècniques més utilitzades per l’obtenció de perfils de metabolòmics
són l’espectrometria de masses i l’espectroscòpia de ressonància
magnètica nuclear (NMR).

5.1.2.1 Espectrometria de masses

L’espectrometria de masses (MS) és una tècnica analítica que mesura la
relació massa-càrrega dels ions. Els resultats es presenten normalment
com un espectre de masses, un gràfic d’intensitats en funció de la
relació massa-càrrega. L’espectrometria de masses s’utilitza en molts
camps diferents i es pot utilitzar en mostres sòlides, líquides o gasoses,
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tant pures com complexes.

Una millora notable per a la tècnica d’espectrometria de masses és
utilitzar-la conjuntament amb diferents tècniques cromatogràfiques,
com per exemple, la cromatografia de gasos o la cromatografia de líquids.

Totes les dades utilitzades en aquesta tesi han estat obtingudes a
partir de la combinació de la cromatografia de líquids d’alt rendiment
amb l’espectrometria de masses.

5.1.2.2 Ressonància magnètica nuclear

La ressonància magnètica nuclear (NMR) és una tècnica espectroscòpica
per observar els camps magnètics locals al voltant dels nuclis atòmics.
Aquesta tècnica s’utilitza per identificar proteïnes, metabòlits i altres
molècules complexes. A més de la identificació, l’espectroscòpia de
NMR proporciona informació detallada sobre l’estructura, la dinàmica,
l’estat de reacció i l’entorn químic de les molècules. Els espectres de
NMR són únics, reproduïbles i sovint molt predicibles per a molècules
petites.

5.1.3 Estratègies d’obtenció de perfils de
metabolòmics

Les estratègies d’obtenció de perfils de metabolòmics es poden dividir
en dos grups; la metabolòmica no dirigida i la metabolòmica dirigida
(Roberts et al., 2012).

La metabolòmica no dirigida se centra en la detecció global i la
quantificació relativa de totes les petites molècules en una mostra,
inclosos els compostos químics desconeguts.

Aquest tipus d’estratègia s’ha de combinar amb tècniques avançades
per reduïr els extensos conjunts de dades generats a un conjunt més
petit de senyals gestionables (Schrimpe-Rutledge et al., 2016). Aquesta
aproximació ofereix l’oportunitat de descobrir noves dianes, ja que la
cobertura del metaboloma només està restringida per les metodologies
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de preparació de mostres i la sensibilitat i especificitat inherents de
la tècnica analítica emprada. Tanmateix, els principals reptes de
l’anàlisi no dirigida radiquen en els protocols i el temps necessari
per processar les grans quantitats de dades brutes generades, les
dificultats per identificar i caracteritzar petites molècules desconegudes
i el biaix cap a la detecció de molècules amb una elevada abundància
(Schrimpe-Rutledge et al., 2016).

En canvi, la metabolòmica dirigida se centra en la detecció de
grups definits de metabòlits químicament caracteritzats i anotats
bioquímicament, amb l’oportunitat d’una quantificació absoluta.

La metabolòmica dirigida té com a objectiu mesurar grups
predefinits de metabòlits caracteritzats i interpretats bioquímicament
(un subconjunt del metaboloma). Aquesta reducció de la cobertura
del metaboloma significa que la metabolòmica dirigida depèn d’un
coneixement previ dels metabòlits i de les seves vies bioquímiques, cosa
que dificulta el descobriment de dianes metabòliques noves (Roberts
et al., 2012). En aquesta aproximació, el processament i l’anàlisi de
dades solen ser menys intensos en “mà d’obra” en comparació amb la
metabolòmica no dirigida, ja que no és necessari identificar compostos
desconeguts.

Totes les dades utilitzades en aquesta tesi s’han obtingut mitjançant
metabolòmica dirigida.

5.2 Nutrimetabolòmica
Els recents avenços en el camp de la metabolòmica han permès una
millor comprensió de les rutes metabòliques, les funcions gèniques
o la regulació d’enzims importants. Al mateix temps, la integració
de la metabolòmica amb la nutrició (metabolòmica nutricional o
nutrimetabolòmica) milloren les pràctiques clíniques i de recerca
actuals proporcionant una visió més profunda de les relacions entre
diversos metabòlits i l’estat de salut (Ulaszewska et al., 2019).

L’objectiu principal de la nutrimetabolòmica és estudiar les
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pertorbacions del metaboloma humà provocades per dietes específiques,
aliments, nutrients, microorganismes o compostos bioactius.

La nutrimetabolòmica proporciona biomarcadors més individual-
itzats que altres tècniques i s’espera que proporcioni millors indicadors
d’efectes dietètics. En última instància, la nutrimetabolòmica té com a
objectiu aconseguir una nutrició pronòstica i diagnòstica personalitzada,
convertint la nutrimetabolòmica en una de les vies més prometedores
per millorar l’atenció nutricional i el tractament dietètic dels pacients
en el futur (Ulaszewska et al., 2019).

5.2.1 Estudis nutricionals
Els estudis nutricionals es poden dividir en dos grups: els estudis
d’intervenció i els estudis observacionals (o de cohort).

En els estudis d’intervenció, els participants de l’estudi consumeixen
els aliments d’interès en una sola ingesta (estudi agut) o en menjars
repetits durant un període de temps (estudis a mig o llarg termini)
(Scalbert et al., 2014). En estudis aguts, els biofluids es recullen durant
un període de fins a 24 hores després del consum dels aliments d’interès
i es compara amb els participants que consumeixen un aliment control,
identificant així biomarcadors potencials per aquells aliments d’interès
(Scalbert et al., 2014). L’orina és el biofluid de referència en aquest
tipus d’estudis (Tebani & Bekri, 2019).

Els estudis observacionals també poden jugar un paper important
en el descobriment de biomarcadors. Els baixos consumidors (o
no consumidors) i alts consumidors es seleccionen a partir de les
dades sobre ingesta d’aliments recollides mitjançant qüestionaris
de freqüència de consum, recordatoris dietètics, o altres tècniques
d’avaluació dietètica. En aquest cas, es comparen perfils metabolòmics
entre aquests subgrups per donar a conèixer possibles biomarcadors
dietètics que reflecteixen la ingesta d’aliments habituals, sempre que
aquests biomarcadors tinguin una vida mitjana suficient a l’organisme
i que els aliments es consumeixin regularment (Scalbert et al., 2014).
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5.2.2 Mètodes per a l’assessorament dietètic

Durant dècades, la recerca nutricional ha estat un pilar crucial per
revelar les relacions entre dieta i salut tant a escala individual com
poblacional. No obstant, la consistència, la validació i la reproductibil-
itat de l’assessorament dietètic han estat els grans punts limitants
(Tebani & Bekri, 2019). Malgrat els inconvenients coneguts d’aquests
mètodes, els recordatoris dietètics de 24 hores (DR) i els qüestionaris
de freqüència de consum (FFQ) han estat els mètodes més utilitzats
per a l’assessorament dietètic durant els darrers anys (Park et al., 2018).

Els recordatoris dietètics inclouen una col·lecció estructurada
d’informació detallada sobre la ingesta d’aliments durant les 24
hores anteriors a la realització del qüestionari. Així doncs, aquesta
metodologia consisteix en un formulari obert on els participants poden
informar de tot tipus d’aliments i receptes que han menjat durant el
dia anterior.

D’altra banda, els qüestionaris de freqüència de consum són eines
d’avaluació dietètica en forma de qüestionari per estimar la freqüència
i, en alguns casos, la mida de la porció del consum d’aliments i begudes
durant un període de temps especificat, normalment el darrer mes, tres
mesos o any. A diferència d’un DR, un FFQ és un qüestionari tancat,
sovint de 80 a 120 ítems (inclosos aliments i begudes).

Els FFQs són l’opció preferida en estudis a gran escala de dieta
i salut, ja que, malgrat que tant els DRs com els FFQs requereixen
una preparació notable abans de la implementació, la gestió i el
processament d’un FFQ validat és menys complex per estudis de grans
dimensions (Tebani & Bekri, 2019). Els FFQs també es poden utilitzar
per calcular diferents índexs nutricionals i de salut, per exemple,
l’AHEI-2010 (Chiuve et al., 2012).

Aquest índex es va desenvolupar com a mesura alternativa de la
qualitat de la dieta per identificar el risc de patir malalties cròniques
relacionades amb la dieta en el futur (Leung et al., 2012, 2014; Wang
et al., 2014).

El gran nombre d’inconvenients que presenten els mètodes
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d’assesorament dietètic esmentats, com per exemple la variació
nutricional entre dies, les estimacions imprecises de la mida de les
porcions o la manca d’objectivitat, fan palesa la necessitat d’una
aproximació més robusta i objectiva per a l’assesorament dietètic. La
utilització de les omiques (com la metabolòmica) permet estudiar la
nutrició de forma integral mitjançant la identificació de biomarcadors
específics de la dieta per avaluar objectivament la ingesta. Aquests
biomarcadors poden proporcionar informació útil per omplir els buits
dels mètodes d’assesorament dietètic utilitzats actualment (Bekri, 2016).

5.3 Biomarcadors
El terme “biomarcador” fa referència a una molecula indicativa d’un
estat biològic i que es pot mesurar de manera precisa i reproduïble.
No obstant, hi ha altres definicions de biomarcador a la literatura
actualment, que afortunadament, coincideixen en gran mesura.

En nutrimetabolòmica, s’entén com a biomarcador un metabòlit
que informa sobre la ingesta d’un aliment específic o d’un patró
d’alimentació. Així doncs, es necessiten biomarcadors robustos i
informatius per comprendre la interacció entre la dieta i la salut
(Trepanowski & Ioannidis, 2018; Zeevi et al., 2015).

Tot i això, els biomarcadors dietètics o nutricionals tenen dos
grans limitacions; 1) encara no hi ha un consens clar sobre la definició
de biomarcador nutricional, la seva avaluació i ús, i 2) fins i tot els
biomarcadors ben validats no tenen la consistència suficient per donar
suport a recomanacions nutricionals clares (Tebani & Bekri, 2019).

Malgrat aquestes limitacions, la definició més acceptada de
biomarcador dietètic va ser proposada per la iniciativa FoodBAll
(https://foodmetabolome.org), classificant els biomarcadors di-
etètics com:

“Mesures específiques dins del cos que reflecteixen amb precisió la
ingesta d’un component alimentari o aliment”.

https://foodmetabolome.org
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Aquests biomarcadors dietètics es poden dividir en dos grans grups:
els biomarcadors d’ingesta (o biomarcadors exògens), que provenen
directament de la dieta, i els biomarcadors d’efecte (o biomarcadors
endògens), que no es troben al metaboloma alimentari però que es
poden veure alterats per la dieta.

5.4 Anàlisi de dades nutrimetabolòmiques
Sovint, l’anàlisi de dades és un dels punts crítics en els estudis de
nutrimetabolòmica. En aquest context, l’anàlisi de dades s’entén
com el procés d’aplicació sistemàtica de tècniques estadístiques per
extraure interpretacions biològiques de les dades. Aquest procés es
compon de diferents operacions de preprocessament (com la imputació
de valors faltants i la normalització), diferents mètodes estadístics
i d’anàlisi de la significació biològica. No obstant, hi ha una gran
varietat de mètodes per dur a terme processos d’anàlisi de dades,
cadascun amb les seves diferents aplicacions, avantatges i desavantatges.

L’aplicació web POMAShiny desenvolupada en el context d’aquesta
tesi se centra en aquesta secció, proporcionant diferents mètodes per
l’anàlisi de dades de metabolòmica (vegeu Taula 3.1).

5.4.1 Modelització estadística
L’estadística clàssica proporciona als investigadors un conjunt d’eines
ben consolidades per abordar qüestions de recerca com per exemple
comparar la resposta a diferents tractaments o modelar els efectes d’un
conjunt de variables sobre la concentració d’un metabòlit. Els models
estadístics clàssics acostumen a ser molt flexibles, permetent incloure
en els models coneixement extern i variables de confusió (Ulaszewska
et al., 2019). Aquest tipus de models solen ser força interpretables ja
que degut a les múltiples colinealitats entre variables i de la manca
d’informació rellevant en algunes d’elles, només algunes variables
d’estudi s’inclouen al model final, facilitant la seva interpretació.

Els mètodes de modelització estadística més utilitzats en el camp
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de la nutrimetabolòmica són els models lineals (LM), els models lineals
generalitzats (GLM) i els models additius generalitzats (GAM).

5.4.2 Mineria de dades
Els mètodes de mineria de dades se centren en l’anàlisi de diverses
variables al mateix temps, tenint en compte les diferents relacions
entre elles. Aquests mètodes poden proporcionar informació sobre
l’estructura de les dades i les diferents relacions internes que no
s’observarien amb els models estadístics clàssics. No obstant, la
interpretació d’aquests mètodes pot ser molt més complexa.

Els mètodes de mineria de dades més utilitzats en el camp de la
nutrimetabolòmica són l’anàlisi de components principals (PCA) i els
mínims quadrats parcials (PLS), amb algunes de les seves variants.

L’anàlisi de components principals és un mètode no supervisat per
a la reducció de la dimensió d’una matriu de dades. Aquest mètode
consisteix en el càlcul de la matriu de covariança de les dades i la
descomposició dels valors propis en aquesta matriu de covariància
sense considerar cap variable resposta (com ara el grup d’intervenció,
tractament, etc.).

D’altra banda, el mètode dels mínims quadrats parcials (PLS) és
una alternativa supervisada a l’anàlisi de components principals. El
mètode PLS també és un mètode de reducció de la dimensió, que
tracta d’identificar un nou conjunt de variables que són combinacions
lineals de les variables originals i, a continuació, ajusta un LM amb
aquestes noves variables (James et al., 2013). A diferència del PCA, el
PLS identifica aquestes noves variables de manera supervisada, és a
dir, a partir de la variable resposta.

No obstant, aquests mètodes multivariants poden donar resultats
molt atractius, que malauradament no es poden generalitzar per a tots
els estudis de nutrimetabolòmica. Per tant, és necessària una validació
exhaustiva d’aquests mètodes (Ulaszewska et al., 2019).
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5.4.3 Aprenentatge estadístic
En els últims anys, els mètodes d’aprenentatge estadístic han
rebut una atenció creixent en el camp de la nutrimetabolòmica.
Aquesta adopció generalitzada es deu a la necessitat d’identificar
biomarcadors dietètics o panells de biomarcadors dietètics amb
capacitat predictiva per assolir l’ambiciós objectiu de predir la ingesta
d’aliments a partir dels metabòlits en orina, sang o sèrum, i no
només identificar aquells metabòlits associats a determinats patrons
dietètics o aliments. Avui en dia, aquest objectiu s’ha convertit
en un dels objectius més importants en el camp de la nutrimetabolòmica.

Tanmateix, aquests mètodes també poden presentar alguns
inconvenients, com l’elevat nombre de mostres necessàries per dur-los a
terme amb una certa robustesa, o la baixa interpretabilitat d’aquests
mètodes, més difícils d’interpretar que els models estadístics clàssics o
els mètodes de mineria de dades, respectivament.

Els mètodes d’aprenentatge estadístic LASSO, regressió de Ridge,
elasticnet i boscos aleatoris, s’han implementat com a recurs per a
problemes de classificació a les eines POMA i POMAShiny, presentades
més endavant a la secció de resultats.

5.5 Ontologies
La creixent aparició de tècniques analítiques d’alt rendiment en les
ciències de la vida durant les darreres tres dècades ha creat desafiaments
significatius en la gestió de les dades generades. Actualment, un
dels principals problemes als quals s’enfronten els investigadors rau
en la pregunta: on són aquestes dades i com les podem utilitzar?
Malauradament, l’heterogeneïtat de les plataformes d’emmagatzematge
i els formats de les dades sovint dificulten el seu accés i ús generalitzat.

En aquest sentit, la creació d’ontologies, definida com a
“l’especificació d’un vocabulari de representació per a un domini
compartit - definicions de classes, relacions, funcions i altres objectes”
(Kramer & Beißbarth, 2017), és de vital importància per ajudar a
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analitzar, anotar i homogeneïtzar aquests grans i complexos conjunts
de dades (Hoehndorf et al., 2015; Schlegel et al., 2015).

Per tant, una ontologia adequada hauria de proporcionar una
representació formal del coneixement en un domini determinat (per
exemple, la nutrició o la metabolòmica), de manera que tant els
humans com els ordinadors puguin entendre els conceptes que conté i
aprendre sobre el domini que s’està representant (Rubin et al., 2008).
Normalment, les ontologies s’estructuren dins d’una jerarquia del
coneixement on els conceptes estan connectats mitjançant relacions
semàntiques estandarditzades (per exemple, “és part de” o “és un
ingredient de”) especificant formalment relacions de coneixement, com
ara generalitzacions d’especificacions del domini d’interès (Vitali et al.,
2018).

Mentre existeixen diferents ontologies per a definir conceptes
específics dels camps de la nutrició i la metabolòmica, com per exemple
FoodOn (Dooley et al., 2018), ONS (Vitali et al., 2018) o ChEBI
(Degtyarenko et al., 2007), no existeix actualment cap ontologia
específica per al camp de la nutrimetabolòmica que defineixi les
relacions entre els aliments i els biomarcadors alimentaris.

Actualment, diferents bases de dades proporcionen informa-
ció sobre metabòlits i aliments, incloent Exposome-Explorer
(Neveu et al., 2016), Phenol-Explorer (Rothwell et al., 2013),
PhytoHub (http://phytohub.eu/) i Food Database (FooDB)
(http://foodb.ca/). Malgrat que totes aquestes bases de dades
contenen informació sobre aliments i els seus metabòlits associats, la
complexitat d’aquestes relacions fa que es descriguin de forma molt
diferent entre elles.

Aquesta manca d’unificació de la informació i la manca d’una
estructura jeràrquica dificulten la comparació i cerca de dades. Per
tant, és necessàri el desenvolupament d’una ontologia per definir de
forma clara les relacions entre les dades nutricionals i metabolòmiques
(Maruvada et al., 2020). Aquesta ontologia podria tenir múltiples
aplicacions pràctiques en estudis de nutrimetabolòmica, sent l’anotació
de termes la més evident, però incloent també altres aplicacions com la
realització de diferents anàlisis de significació biològica i la realització

http://phytohub.eu/
http://foodb.ca/
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d’anàlisis de similitud semàntica.

En el context d’aquest treball, s’ha desenvolupat una ontologia
anomenada FOBI (Ontologia d’Aliments i Biomarcadors) amb
l’objectiu de proporcionar un llenguatge comú estandaritzat per
descriure les complexes relacions entre la dieta i els seus metabòlits
associats en estudis de nutrimetabolòmica. L’ontologia FOBI es
presenta més endavant a la secció de resultats.

5.6 Anàlisi de la significació biològica

�
A diferència del concepte de “significació estadística”, el
concepte de “significació biològica” es pot tractar des de
diferents perspectives i definir-lo de diferents maneres. Per
exemple, aquest concepte es pot tractar des d’un punt de vista
clínic, fent referència a un efecte que té un impacte notable
sobre la salut, o des d’un punt de vista òmic, fent referència
a la interpretació biològica o a la rellevància biològica de
les diferències estadístiques en experiments d’òmiques. En
aquesta tesi, aquest concepte es tracta exclusivament des
d’una perspectiva òmica.

L’anàlisi de la significació biològica (BSA), també conegut com
a anàlisi d’enriquiment, anàlisi d’enriquiment de rutes o anàlisi
d’enriquiment funcional, denota qualsevol mètode que es beneficiï de
la informació coneguda de rutes o xarxes biològiques per extraure
coneixement d’un sistema biològic (Creixell et al., 2015; Reimand et al.,
2019). En altres paraules, aquest tipus d’anàlisi integra el coneixement
biològic existent (de diferents fonts com bases de dades i ontologies) i
els resultats estadístics dels estudis òmics, obtenint una comprensió
més profunda dels sistemes biològics. Atès que els BSA utilitzen els
resultats derivats de les anàlisis estadístiques, aquests consisteixen en
el darrer pas d’un procés d’anàlisi de dades òmiques (Figura 1.7).

En la majoria d’estudis d’òmiques, el resultat de les anàlisis
estadístiques sol ser una llista de variables seleccionades segons
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criteris estadístics predefinits. Els mètodes de BSA utilitzen aquestes
variables seleccionades per explorar rutes, malalties, etc. biològicament
rellevants/significants, segons la naturalesa de la llista de variables
(com gens o metabòlits) i la font utilitzada per extraure el coneixement
biològic previ (ontologies i bases de dades). Per tant, la informació
d’entrada dels BSA sol ser una llista de variables biològiques i el
resultat sol ser una llista de rutes biològiques associades a la llista
d’entrada, amb la seva significació estadística corresponent (Figura
1.19).

Per tant, aquests mètodes permeten als investigadors passar de
llistes de gens o metabòlits a rutes metabòliques, malalties i altres
característiques associades a aquestes llistes.

5.6.1 Mètodes d’anàlisi de la significació biològica

Degut al gran nombre d’aplicacions d’aquests mètodes i del seu gran ús
en el camp de les òmiques, en els darrers anys s’han proposat diferents
enfocaments per a dur a terme BSA. Actualment, les aproximacions
més populars utilitzades pels BSA són l’anàlisi de sobre-representació
(ORA) i l’anàlisi d’enriquiment de conjunts de gens (GSEA), amb
les seves variants per a altres camps com l’anàlisi d’enriquiment de
conjunts de metabòlits (MSEA) (Xia & Wishart, 2010).

La figura 1.19 mostra de forma molt sintètica aquests dos
enfocaments més comuns per realitzar BSA, amb els seus diferents
requeriments d’entrada. Tenint en compte aquest esquema, l’ORA
requereix la llista de gens (o metabòlits) seleccionats sense cap ordre.
D’altra banda, el mètode GSEA requereix una llista ordenada de
gens, juntament amb la mètrica que s’ha utilitzat per ordenar-los,
com ara el p-valor o la mida de l’efecte. En ambdós casos, ORA i
GSEA, el resultat de l’anàlisi d’enriquiment és una taula amb les vies
metabòliques enriquides juntament amb la seva significació estadística
associada.
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5.6.2 Anàlisi de la significació biològica en nu-
trimetabolòmica

Actualment, els BSA en estudis de nutrimetabolòmica es realitzen
mitjançant eines no específiques (per exemple, mètodes d’ORA i MSEA
concebuts per a estudis de metabolòmica general).

Sovint, aquests mètodes d’anàlisi d’enriquiment utilitzen bases de
dades com KEGG (https://www.genome.jp/kegg/) o REACTOME
(https://reactome.org) per obtenir la informació biològica de
diferents conjunts de metabòlits i rutes metabòliques. Tanmateix, l’ús
d’aquestes bases de dades genèriques, enfocades a les vies metabòliques
de diferents organismes, pot excloure de l’anàlisi aquells compostos
exògens derivats de la dieta i altres substàncies que no participen
directament en les vies metabòliques, per exemple, els metabòlits
que formen part del metaboloma alimentari, farmacològic i de la
contaminació.

Aquesta limitació requereix el desenvolupament de noves eines i
mètodes que permetin als investigadors realitzar anàlisis d’enriquiment
robustos a partir de llistes de metabòlits derivats d’estudis de
nutrimetabolòmica, considerant els metabòlits exògens i les seves
relacions amb els aliments.

En el context d’aquesta tesi, s’han desenvolupat diferents mètodes
per fer possible el nou concepte d’anàlisi d’enriquiment alimentari.
Aquestes noves metodologies permetran als investigadors obtenir grups
d’aliments enriquits a partir de llistes de metabòlits.

Aquest bloc fa referència a un dels principals objectius d’aquesta
tesi i tots els mètodes desenvolupats amb aquesta finalitat s’han
integrat dins del marc de treball fobitools, presentat més endavant a la
secció de resultats.

https://www.genome.jp/kegg/
https://reactome.org




Chapter 6

Objectius

Aquesta tesi se centra en el desenvolupament de mètodes i eines
per avançar en el descobriment de les complexes relacions entre la
dieta i els metabòlits derivats dels aliments, així com en facilitar la
interpretació dels resultats en estudis de nutrimetabolòmica.

6.1 Objectiu principal
L’objectiu principal d’aquesta tesi és l’estudi en profunditat de les
relacions entre el metaboloma alimentari i la ingesta d’aliments en
el context de diferents estudis de nutrimetabolòmica. Aquest és un
objectiu transversal i en depenen tots els objectius específics.

6.2 Objectius específics
Complementàriament a l’objectiu principal, es considera la següent
llista d’objectius específics:

1. El desenvolupament d’una ontologia que defineixi clarament les
relacions entre metabòlits i aliments mitjançant un llenguatge
comú i estandarditzat.

(a) El desenvolupament d’una eina de codi obert que permeti la
fàcil consulta i utilització de l’ontologia creada en l’objectiu
específic 1. Aquesta eina permetrà funcions com:
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i. L’anotació automàtica de dades dietètiques de text lli-
ure.

ii. L’anàlisi de la significació biològica en estudis de nu-
trimetabolòmica.

(b) Proporcionar una interfíce gràfica de codi obert per l’eina
desenvolupada en l’objectiu específic anterior (a) per tal de
fer-la més accessible a la comunitat científica.

2. El desenvolupament d’una eina per l’anàlisi estadística de dades de
metabolòmica que inclogui mètodes alternatius/complementaris
per ajudar a millorar el procés de descobriment de biomarcadors
en el context dels estudis de nutrimetabolòmica.

(a) Proporcionar una interfíce gràfica de codi obert per l’eina
desenvolupada en l’objectiu específic 2 per tal de fer-la més
accessible a la comunitat científica.

3. Aplicar les eines desenvolupades en els objectius específics 1 i 2 a
estudis de nutrimetabolòmica reals.

(a) Identificar metabòlits o grups de metabòlits associats a
l’índex de dieta saludable AHEI-2010.

(b) Identificar metabòlits o grups de metabòlits associats al risc
de malaltia o a l’estat de salut.
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Resultats

Totes les publicacions presentades en aquesta tesi s’han enviat a
revistes científiques internacionals. En aquest apartat, cada publicació
es presenta com un breu resum del contingut del treball, juntament
amb el factor d’impacte de la revista, el quartil i el decil (si el manuscrit
ja ha estat acceptat).

Les publicacions es divideixen en desenvolupaments metodològics i
aplicacions dels mètodes desenvolupats. En els treballs metodològics,
les contribucions realitzades compleixen els objectius de la tesi, mentre
que en els treballs d’aplicació s’aplica la metodologia i les eines
desenvolupades per descobrir i identificar metabòlits associats a la
dieta (biomarcadors dietètics), a l’AHEI-2010 i a l’estat de salut o
malaltia.

L’última secció d’aquesta secció està dedicada a tot el programari,
tant els paquets d’R com les interfícies gràfiques (GUIs), desenvolupat
en el context d’aquesta tesi.
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7.1 Desenvolupaments metodològics i de
programari

7.1.1 Article 1: L’ontologia de biomarcadors i ali-
ments

Pol Castellano-Escuder, Raúl González-Domínguez, David S.
Wishart, Cristina Andrés-Lacueva, Alex Sánchez-Pla (2020). FOBI:
una ontologia per representar dades d’ingesta d’aliments i associar-les
a dades metabolòmiques. Database, 2020.

• Factor d’impacte de la revista: 2.593
• Quartil/decil de la revista: Q2/D3 (15 de 59 - Biologia

matemàtica i computacional)

RESUM

La recerca nutricional es pot dur a terme mitjançant dos enfoca-
ments complementaris: (i) mètodes tradicionals de recopilació de la
informació de la ingesta o (ii) mitjançant tècniques de metabolòmica
per analitzar biomarcadors d’ingesta d’aliments en els biofluids
corporals. No obstant, la complexitat i l’heterogeneïtat d’aquests
dos tipus de dades tan diferents sovint dificulten la seva anàlisi i
integració. Per combatre aquest repte, hem desenvolupat una nova
ontologia que descriu els aliments i els seus metabòlits associats de
manera jeràrquica. Aquesta ontologia utilitza un sistema formal de
denominació, definicions de categories, propietats i relacions entre
ambdós tipus de dades. L’ontologia presentada s’anomena FOBI
(Food-Biomarker Ontology) i està formada per dues subontologies
interconnectades. La primera és l’ontologia dels aliments, que consisteix
en diferents aliments simples i aliments “multi-component”, mentre
que la segona és l’ontologia de biomarcadors, que conté biomarcadors
d’ingesta d’aliments classificats en les seves classes químiques.
Aquestes dues subontologies són conceptualment independents, però
interconnectades per diferents propietats. Això permet visualitzar
dades i informació sobre aliments i biomarcadors d’aliments de manera
bidireccional, passant de la metabolòmica a les dades nutricionals
o viceversa. Les possibles aplicacions d’aquesta ontologia inclouen
l’anotació d’aliments i biomarcadors mitjançant una nomenclatura
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ben definida i estandaritzada, l’estandarització de fluxos de treball de
nutrimetabolòmica o l’aplicació de diferents anàlisis d’enriquiment en
estudis de nutrimetabolòmica.

7.1.2 Article 2: POMAShiny
Pol Castellano-Escuder, Raúl González-Domínguez, Francesc
Carmona-Pontaque, Cristina Andrés-Lacueva, Alex Sánchez-Pla (2021).
POMAShiny: un flux de treball web fàcil d’utilitzar per l’anàlisi de
dades de metabolòmica i proteòmica. PLOS Computational Biology,
2021.

• Factor d’impacte de la revista: 4.7
• Quartil/decil de la revista: Q1/D2 (6 of 59 - Biologia matemàtica

i computacional)
• Quartil/decil de la revista: Q1/D2 (9 of 77 - Mètodes de recerca

bioquímica)

RESUM

La metabolòmica i la proteòmica, com altres òmiques, solen afrontar
un complex repte de mineria de dades per tal de proporcionar un
resultat comprensible i interpretable. Sovint, l’anàlisi estadística és un
dels reptes més complexos i és fonamental en la interpretació biològica
dels resultats. Per aquest motiu, combinat amb les habilitats de
programació necessàries per a dur a terme aquests tipus d’anàlisi, s’han
proposat diferents eines bioinformàtiques dirigides a simplificar l’anàlisi
de dades de metabolòmica i proteòmica durant els últims anys. No
obstant això, a vegades l’anàlisi encara està limitat a un nombre reduït
de mètodes estadístics amb una flexibilitat reduïda. POMAShiny és
una eina web que proporciona un flux de treball estructurat, flexible i
fàcil d’utilitzar per a la visualització, exploració i anàlisi estadística de
dades de metabolòmica i proteòmica. Aquesta eina integra diversos
mètodes estadístics, alguns d’ells àmpliament utilitzats en altres
tipus d’òmiques, i es basa en el paquet de Bioconductor POMA,
fet que suposa un increment en la reproductibilitat i la flexibilitat
de les anàlisis fora de l’entorn web. POMAShiny i POMA estan
disponibles a https://github.com/nutrimetabolomics/POMAShiny

https://github.com/nutrimetabolomics/POMAShiny
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i https://github.com/nutrimetabolomics/POMA, respectivament.

7.1.3 Article 3: L’entorn de treball fobitools
Pol Castellano-Escuder, Cristina Andrés-Lacueva, Alex Sánchez-Pla.
L’entorn de treball fobitools: els primers passos cap a l’anàlisi
d’enriquiment alimentari. En revisió.

RESUM

L’ontologia FOBI pot ser de gran ajuda en estudis nu-
trimetabolòmics a causa de la seva gran varietat d’aplicacions,
inclosa la possibilitat de realitzar diferents anàlisis d’enriquiment. Tot
i això, els coneixements de programació necessàris per utilitzar-la
poden limitar-ne l’ús per part de la comunitat científica. Aquí
presentem l’entorn de treball fobitools, format per un paquet de
Bioconductor i la seva interfície gràfica complementària. Aquestes
dues eines permeten als investigadors interactuar i explorar l’ontologia
FOBI d’una manera senzilla. L’entorn de treball fobitools està
centrat en el nou concepte d’anàlisi d’enriquiment alimentari en
estudis de nutrimetabolòmica. Adicionalment, també es presenten
altres funcions útils, com la visualització interactiva en xarxa de
FOBI o l’anotació automàtica de dades dietètiques de text lliure.
Tant el paquet fobitools com l’aplicació web fobitoolsGUI, estan
disponibles a https://github.com/nutrimetabolomics/fobitools

i https://github.com/nutrimetabolomics/fobitoolsGUI, respecti-
vament.

7.2 Aplicació de les eines desenvolupades

7.2.1 Article 4: Avaluació de l’adherència a
hàbits dietètics saludables mitjançant el
metaboloma alimentari en orina

Pol Castellano-Escuder, Raúl González-Domínguez, Marie-France
Vaillant, Patricia Casas-Agustench, Nicole Hidalgo-Liberona, Núria

https://github.com/nutrimetabolomics/POMA
https://github.com/nutrimetabolomics/fobitools
https://github.com/nutrimetabolomics/fobitoolsGUI
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Estanyol-Torres, Thomas Wilson, Manfred Beckmann, Amanda
J Lloyd, Marion Oberli, Christophe Moinard, Christophe Pison,
Jean-Christian Borel, Marie Joyeux-Faure, Mariette Sicard, Svetlana
Artemova, Hugo Terrisse, Paul Dancer, John Draper, Alex Sánchez-Pla,
Cristina Andres-Lacueva. Avaluació de l’adherència a hàbits di-
etètics saludables mitjançant el metaboloma alimentari en orina. Enviat.

RESUM

La dieta és un dels factors d’estil de vida modificables més
importants en la salut humana i en la prevenció de malalties cròniques.
Per tant, l’avaluació dietètica precisa és essencial per avaluar de forma
fiable l’adherència a hàbits saludables. L’objectiu d’aquest estudi era
identificar metabòlits en orina que poguessin servir com a biomarcadors
robusts de qualitat de la dieta, tal com s’avalua a través de l’AHEI-2010.

En aquest estudi vam recollir mostres de dos centres de 160
voluntaris sans, d’entre 25 i 50 anys, que vivien en parella o en família,
amb mostres d’orina i una avaluació dietètica repetides al principi de
l’estudi, als sis mesos i als dotze mesos al llarg de l’any. Les mostres
d’orina es van sotmetre a un anàlisi de metabolòmica a gran escala
per obtenir una caracterització quantitativa completa del metaboloma
alimentari. A continuació, es van dur a terme diferents anàlisis
de regressió regularitzada i anàlisis limma per identificar aquells
metabòlits associats a l’AHEI-2010 i investigar la reproductibilitat
d’aquestes associacions al llarg del temps.

El resultat més rellevant va ser l’associació positiva de nombrosos
metabòlits microbians de polifenols amb la puntuació AHEI-2010.
A més, es van identificar fortes associacions entre l’AHEI-2010 i els
metabòlits relacionats amb la ingesta de cafè, carn vermella i peix.
Així doncs, en aquest estudi es demostra que els metabòlits en orina,
i en particular els derivats de la microbiota, podrien servir com a
indicadors fiables de l’adherència a hàbits dietètics saludables.
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7.2.2 Article 5: El metaboloma serològic relacionat
amb els aliments s’associa amb un detreio-
rament cognitiu tardà en individus d’edat
avançada

Raúl González-Domínguez, Pol Castellano-Escuder, Francisco
Carmona, Sophie Lefèvre-Arbogast, Dorrain Y. Low, Andrea Du
Preez, Silvie R. Ruigrok, Claudine Manach, Mireia Urpi-Sarda, Aniko
Korosi, Paul J. Lucassen, Ludwig Aigner, Mercè Pallàs, Sandrine
Thuret, Cécilia Samieri, Alex Sánchez-Pla, Cristina Andres-Lacueva.
El metaboloma serològic relacionat amb els aliments s’associa amb un
detreiorament cognitiu tardà en individus d’edat avançada. Enviat.

RESUM

Actualment, es reconeix que la nutrició i els compostos bioactius
de la dieta són crucials en l’aparició del deteriorament cognitiu i de
la demència, però la majoria de les proves existents al respecte són
transversals i, sovint, són inconsistents i fragmentades. Per donar a
conèixer el rol de la dieta en la patogènesi primerenca del deteriorament
cognitiu, vam estudiar dues cohorts independents i prospectives a llarg
termini de casos i controls niats a partir de participants sense demència
al principi de l’estudi “Three-City”.

Es va realitzar una anàlisi metabolòmica de mostres de sèrum per
obtenir una caracterització completa i quantitativa del metaboloma
relacionat amb els aliments. Després, l’anàlisi de regressió LASSO
va revelar una associació protectora de diversos metabòlits derivats
del cacau, el cafè, els bolets, el vi negre i el metabolisme microbià
d’aliments rics en polifenols amb la funció cognitiva, així com l’efecte
nociu del consum de productes alimentaris associats a dietes poc
saludables, com ara com a aliments edulcorats artificialment, que
contenen alcohol i processats. A més, també vam observar importants
pertorbacions metabòliques que afecten el metabolisme relacionat
amb la microbiota dels aminoàcids aromàtics i la —-oxidació dels
àcids grassos. Curiosament, tot i que les signatures específiques dels
metabòlits eren diferents entre les dues cohorts d’estudi a causa
de factors de variabilitat interindividuals, la majoria d’aquestes
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associacions de deteriorament cognitiu amb la ingesta d’aliments
concrets i vies metabòliques alterades es van corroborar en la fase de
validació.

Així doncs, aquests resultats representen un pas endavant en el
descobriment dels esdeveniments patològics darrere del deteriorament
cognitiu precoç relacionats amb la dieta, la microbiota intestinal
i el metabolisme endogen, que al seu torn podrien proporcionar
dianes potencials per desenvolupar estratègies dietètiques preventives i
terapèutiques per protegir la salut cognitiva.

7.3 Programari
7.3.1 Paquets de Bioconductor
En el context d’aquesta tesi s’han desenvolupat dos paquets de
Bioconductor (Gentleman et al., 2004): els paquets POMA i fobitools.

Tot el programari descrit aquí es s’ha desenvolupat utilitzant
el llenguatge de programació R (R Core Team, 2019) i seguint les
bones pràctiques per al desenvolupament de paquets d’R descrites
al llibre R packages de Hadley Wickham (Wickham, 2015). A més,
tots els paquets descrits aquí s’han escrit seguint la filosofia tidyverse
(Wickham et al., 2019), per tal de mantenir tot el codi net i llegible,
facilitant la contribució d’altres usuaris i el manteniment del programari.

7.3.1.1 POMA

Aquest paquet introdueix un flux de treball estructurat, reproduïble i
fàcil d’utilitzar per a la visualització, preprocessament, exploració i
anàlisi estadística de dades de metabolòmica.

POMA utilitza els objectes MSnSet de la classe S4 definits al paquet
MSnbase (Gatto & Lilley, 2012) i està totalment integrat a l’entorn
Bioconductor. POMA està disponible a https://bioconductor.org.

Documents disponibles:

https://bioconductor.org
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• Manual de POMA
• Vinyeta de POMA: Flux de treball POMA (vegeu el cas d’ús de

POMA)
• Vinyeta de POMA: Normalització amb POMA
• Vinyeta de POMA: Exemple de POMA EDA
• Lloc web de POMA: https://pcastellanoescuder.github.

io/POMA/

• Repositori GitHub de POMA: https://github.com/

pcastellanoescuder/POMA

7.3.1.2 fobitools

Aquest paquet proporciona un conjunt de funcions per interactuar
amb FOBI (Castellano-Escuder et al., 2020). Aquest paquet se centra
en el nou concepte d’anàlisi d’enriquiment alimentari en estudis
nutrimetabolòmics. Tanmateix, també s’ofereixen altres funcions útils,
com ara la visualització interactiva de la xarxa de FOBI i l’anotació
automàtica de dades dietètiques de text lliure.

Documents disponibles:

• Manual de fobitools
• Vinyeta de fobitools: Anàlisi de sobrerepresentació alimentari

simple
• Vinyeta de fobitools: Cas d’ús ST000291 (vegeu el cas d’ús de

fobitools)
• Vinyeta de fobitools: Cas d’ús ST000629
• Vinyeta de fobitools: Anotació de text dietètic
• Lloc web de fobitools: https://pcastellanoescuder.github.

io/fobitools/

• Repositori GitHub de fobitools: https://github.com/

pcastellanoescuder/fobitools

7.3.2 Interfícies gràfiques
En el context d’aquesta tesi s’han desenvolupat tres interfícies gràfiques
(GUI). Les dues primeres GUIs POMAShiny i fobitoolsGUI es basen en
les funcions dels dos paquets d’R descrits a la secció anterior, mentre
que la tercera GUI es basa en dos paquets de Bioconductor preexistents
anomenats msmsEDA (Gregori et al., 2020a) i msmsTests (Gregori et

https://pcastellanoescuder.github.io/POMA/
https://pcastellanoescuder.github.io/POMA/
https://github.com/pcastellanoescuder/POMA
https://github.com/pcastellanoescuder/POMA
https://pcastellanoescuder.github.io/fobitools/
https://pcastellanoescuder.github.io/fobitools/
https://github.com/pcastellanoescuder/fobitools
https://github.com/pcastellanoescuder/fobitools
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al., 2020b).

Aquestes tres interfícies gràfiques han estat desenvolupades en R i
utilitzant l’entorn de treball Shiny (Chang et al., 2020).

7.3.2.1 POMAShiny

POMAShiny és una eina web que proporciona un flux de treball estruc-
turat, flexible i fàcil d’utilitzar per al preprocessament, l’exploració i
l’anàlisi estadística de dades de metabolòmica. Aquesta eina es basa en
el paquet de Bioconductor POMA, que incrementa la reproductibilitat
i flexibilitat de l’anàlisi fora de l’entorn web. El flux de treball de
POMAShiny s’estructura en quatre panells seqüencials i ben definits: 1)
càrrega de dades, 2) preprocessament, 3) EDA i 4) anàlisi estadística.

Documents disponibles:

• URL POMAShiny: https://webapps.nutrimetabolomics.

com/POMAShiny

• Repositori GitHub de POMAShiny: https://github.com/

pcastellanoescuder/POMAShiny

• Imatge Docker de POMAShiny: https://hub.docker.com/

repository/docker/pcastellanoescuder/pomashiny

7.3.2.2 fobitoolsGUI

fobitoolsGUI és una eina web basada en el paquet fobitools. Aquesta
interfície web fàcil d’utilitzar proporciona un conjunt d’eines per
interactuar amb FOBI. Aquesta aplicació proporciona una col·lecció
d’eines bàsiques de manipulació per a l’anàlisi de la significació
biològica, la visualització de xarxes i les estratègies de mineria de text
per anotar dades nutricionals.

Documents disponibles:

• URL fobitoolsGUI: https://webapps.nutrimetabolomics.

com/fobitoolsGUI

• Repositori GitHub de fobitoolsGUI: https://github.com/

pcastellanoescuder/fobitoolsGUI

https://webapps.nutrimetabolomics.com/POMAShiny
https://webapps.nutrimetabolomics.com/POMAShiny
https://github.com/pcastellanoescuder/POMAShiny
https://github.com/pcastellanoescuder/POMAShiny
https://hub.docker.com/repository/docker/pcastellanoescuder/pomashiny
https://hub.docker.com/repository/docker/pcastellanoescuder/pomashiny
https://webapps.nutrimetabolomics.com/fobitoolsGUI
https://webapps.nutrimetabolomics.com/fobitoolsGUI
https://github.com/pcastellanoescuder/fobitoolsGUI
https://github.com/pcastellanoescuder/fobitoolsGUI
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7.3.2.3 POMAcounts

POMAcounts és una eina web per a l’anàlisi exploratòria i l’anàlisi
estadística de dades de comptatges d’espectrometria de masses.
Aquesta interfície gràfica es basa en els paquets de Bioconductor
msmsEDA (Gregori et al., 2020a) i msmsTests (Gregori et al., 2020b).
El nom de POMAcounts ve donat per la gran semblança tant del
frontend com del backend que comparteix amb POMAShiny.

Documents disponibles:

• URL de POMAcounts: http://uebshiny.vhir.org:

3838/POMAcounts

• Repositori GitHub de POMAcounts: https://github.com/

pcastellanoescuder/POMAcounts

http://uebshiny.vhir.org:3838/POMAcounts
http://uebshiny.vhir.org:3838/POMAcounts
https://github.com/pcastellanoescuder/POMAcounts
https://github.com/pcastellanoescuder/POMAcounts


Chapter 8

Discussió

Mentre que s’inclou un resum de cada publicació a la secció de resultats
i les discussions complertes de cada article en els annexos d’aquest
treball, aquest capítol te com a objectiu proporcionar una visió general
d’aquesta tesi mitjançant una discussió que engloba tots els resultats
individuals presentats anteriorment.

Com s’ha explicat a la introducció, la nutrimetabolòmica consisteix
en la integració dels camps de la nutrició i la metabolòmica, esdevenint
una de les vies més prometedores per millorar l’assessorament
nutricional i els tractaments dietètics en el futur (Ulaszewska et al.,
2019).

No obstant, les dades de nutrimetabolòmica també combinen la
complexitat intrínseca de cadascun dels dos camps que integra, havent
de fer front a reptes que dificulten l’anàlisi i interpretació dels seus
resultats. Per exemple, la compromesa reproductibilitat de les anàlisis
de metabolòmica en orina mitjançant LC-MS, el biaix de les dades
nutricionals obtingudes mitjançant qüestionaris dietètics o la gran
variabilitat interindividual dels individus en estudis poblacionals i
d’intervenció. A més, moltes de les relacions entre els metabòlits
derivats de la dieta i els aliments no es coneixen del tot, donant lloc
a discussió i dificultant ja no només la identificació de potencials
biomarcadors de dieta o el desenvolupament de models predictius,
sinó l’estudi bàsic de la relació entre els camps de la nutrició i de la
metabolòmica, del que falta molt per descobrir.
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Per aquest motiu, tots els recursos i eines desenvolupats en el
context d’aquesta tesi emergeixen d’aquesta complexitat de les dades
de nutrimetabolòmica, proposant alternatives centrades en la millora
de la seva integració, anàlisi estadística i interpretació biològica.

El coneixement de les complexes interrelacions entre tipus
d’aliments, components alimentaris, ingredients alimentaris i biomar-
cadors d’ingesta d’aliments és fonamental per facilitar la comprensió
de la nutrició i el metabolisme. Aquesta comprensió permetrà en un
futur obtenir avaluacions molt més precises i objectives de la ingesta
d’aliments basades en la metabolòmica. Al teu torn, també ajudarà
al desenvolupament d’estratègies nutricionals personalitzades per
dissenyar dietes específiques segons el fenotip, estat de la malaltia,
microbioma o metaboloma del pacient, entre d’altres.

En vista d’aquest escenari, el primer gran objectiu d’aquesta tesi
es va centrar en estudiar, caracteritzar i definir les relacions entre
els metabòlits i la dieta d’una forma clara i robusta, que permetés
a la comunitat científica partir d’un punt de consens a l’hora de
dissenyar estudis de nutrimetabolòmica, interpretar els seus resultats o
bé establir comparacions i metanàlisis entre diferents estudis d’aquest
camp (objectiu específic 1).

Existeixen bases de dades molt complertes actualment amb
l’objectiu de proporcionar informació sobre aquells metabòlits
associats a determinats aliments, com per exemple les bases de dades
Exposome-Explorer (Neveu et al., 2016), Phenol-Explorer (Rothwell
et al., 2013), PhytoHub (http://phytohub.eu/) i Food Database
(FooDB) (http://foodb.ca/). No obstant, aquests recursos descriuen
aquesta informació d’una forma molt acurada però també heterogènia
entre ells, dificultant la comparació d’estudis i a vegades proporcionant
informació lleugerament diferent per als mateixos compostos o aliments.
A més, tot i els avantatges computacionals que això suposa (veure
introducció), no existeix actualment cap recurs en forma d’ontologia
per definir aquestes associacions.

Per aquest motiu, hem desenvolupat l’ontologia FOBI (objectiu
específic 1). FOBI és una ontologia específica del camp de la
nutrimetabolòmica composta per dues subontologies amb jerarquies

http://phytohub.eu/
http://foodb.ca/
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independents però interrelacionades; la subontologia d’aliments i la
subontologia de biomarcadors. La subontologia d’aliments consisteix
en diferents aliments simples i complexos (multi-component) agrupats
segons els seus principals grups nutricionals, mentre que la subontologia
de biomarcadors conté els metabòlits derivats de la dieta classificats
segons les seves classes químiques. D’aquesta manera, el llenguatge
comú i estandarditzat utilitzat per definir i relacionar els elements de
cada subontologia permeten interpretar fàcilment les relacions entre
aliments i biomarcadors tant a nivell d’usuari com computacional. De
la mateixa manera, FOBI es pot utilitzar per a diferents propòsits, des
de fer consultes simples fins a consultes computacionals complexes
simultàniament mitjançant tota la informació emmagatzemada a
l’ontologia.

Les ontologies faciliten moltes aplicacions pràctiques en el camp de
la bioinformàtica, com anotar entitats dels camps de la metabolòmica
i la nutrició, dur a terme diferents anàlisis d’enriquiment, realitzar
anàlisis de similitud semàntica o fins i tot descobrir noves relacions
entre entitats (Hoehndorf et al., 2015). En el cas de l’ontologia
FOBI, l’aplicació més clara consisteix en l’anotació d’aliments i
biomarcadors dietètics. Això facilita enormement la comparabilitat
i la interoperabilitat entre estudis i projectes en el camp de la
nutrimetabolòmica. FOBI suposa una millora per la investigació en el
camp de la nutrimetabolòmica gràcies a la definició detallada de les as-
sociacions entre diferents tipus d’aliments i els seus metabòlits associats.

La informació de FOBI també pot servir per facilitar els dissenys
d’estudi, des de la generació d’hipòtesis (per exemple, els metabòlits
esperats que es produeixen després d’una intervenció dietètica) fins
al disseny experimental (per exemple, l’optimització de mètodes de
metabolòmica dirigits focalitzats en metabòlits d’interès). A més, una
de les principals aplicacions que tindrà FOBI és que proporcionarà la
capacitat de dur a terme anàlisis de significació biològica en estudis de
nutrimetabolòmica, cosa que fins ara no era possible degut a la manca
d’ontologies específiques per aquest camp i a la manca d’eines per
fer-ho possible.

L’ontologia FOBI consisteix en l’article 1, presentat a l’apartat de
resultats.
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Com s’ha comentat breument en la introducció, un dels principals
motius que limita l’ús de les ontologies són els coneixements de
programació necessaris per poder interactuar amb elles, extraure
informació i utilitzar-les en general. FOBI com tota ontologia, també es
troba amb aquesta limitació. Per aquest motiu, un cop desenvolupada
l’ontologia, ens vam plantejar com oferir als usuaris de la comunitat
nutrimetabolòmica la possibilitat d’utilitzar FOBI d’una manera fàcil i
ràpida. Això porta a l’objectiu específic 1a i a l’objectiu específic
1b.

Per a oferir als usuaris la possibilitat de dur a terme algunes de
les aplicacions de l’ontologia FOBI mencionades anteriorment, vam
desenvolupar el marc de treball fobitools, enfocat específicament al
nou concepte d’anàlisi d’enriquiment alimentari i als usuaris sense
coneixements extensos de programació.

El marc de treball fobitools consisteix en un paquet de Bioconductor
(objectiu específic 1a) i una aplicació web (objectiu específic
1b) que tenen com a objectiu facilitar i estendre l’ús de l’ontologia
FOBI a la comunitat científica. Aquestes dues eines segueixen la
filosofia “user-friendly” (fàcil d’utilitzar) i permeten, entre altres, la
realització d’anàlisis d’enriquiment alimentari, l’exploració de FOBI mit-
jançant gràfics de xarxa estàtics i dinàmics i l’anotació automàtica de
dades dietètiques de text lliure mitjançant algorismes de mineria de text.

Aquest és un projecte de codi obert, pel que la comunitat científica
pot utilitzar-lo i contribuir-hi fàcilment. Així doncs, marc de treball
fobitools permet als investigadors utilitzar l’ontologia FOBI d’una
manera ràpida i senzilla, ja sigui des de la línia de comandes d’R
(usuaris amb coneixements de programació) o des de l’aplicació web
(on els usuaris no necessiten tenir nocions de programació).

Aquesta eina introdueix per primera vegada el concepte d’anàlisi
d’enriquiment alimentari, fent possible que els usuaris puguin explorar
aliments o grups d’aliments enriquits a partir de llistes de metabòlits
obtingudes en estudis de nutrimetabolòmica.

Si bé és cert que aquesta eina suposa una millora substancial per a
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la interpretació dels resultats en estudis de nutrimetabolòmica, també
caben a destacar algunes limitacions. Actualment, degut al fet que
l’ontologia FOBI es troba en la seva primera versió, l’anàlisi amb l’eina
fobitools pot estar limitat a un nombre no molt elevat d’aliments
i metabòlits en comparació amb altres ontologies i bases de dades.
Així doncs, els esforços futurs aniran dirigits a expandir l’ontologia
FOBI, donant lloc a un augment del nombre de metabòlits, aliments
i relacions metabòlit-aliment. D’altra banda, el marc de treball
fobitools proporciona la metodologia per interactuar amb l’ontologia
FOBI independentment de la quantitat d’informació que contingui
aquesta. Per tant, les futures millores a FOBI tindran un impacte
directe en l’eina fobitools, augmentant la seva utilitat i permetent
realitzar anàlisis més precises, completes i robustes. Pel que fa a les
millores de programari futures de l’eina fobitools, aquestes aniran
dirigides principalment a la implementació de nous mètodes d’anàlisi
d’enriquiment.

El marc de treball fobitools consisteix en l’article 3, presentat a
l’apartat de resultats. Malauradament, tot i que aquesta eina ja està
en funcionament i està sent utilitzada per diferents usuaris, no s’ha
utilitzat en els articles 4 i 5, ja que l’eina fobitools i aquests articles es
van desenvolupar simultàniament.

El segon gran objectiu d’aquesta tesi va ser el desenvolupament de
mètodes i eines que contribuïssin a la millora del procés d’anàlisi de
dades en estudis de metabolòmica (i per tant, de nutrimetabolòmica)
per ajudar a millorar el procés de descobriment de biomarcadors, entre
d’altres (objectiu específic 2).

Sovint, una de les principals aplicacions de la metabolòmica és
la caracterització de noves dianes terapèutiques en els camps de la
salut humana i la medicina personalitzada (Wishart, 2016). Per
aquest motiu, durant l’última dècada han aparegut diverses eines que
contribueixen a l’anàlisi d’aquestes dades tan complexes (Stanstrup
et al., 2019). No obstant, moltes limiten l’anàlisi a un nombre de
mètodes estadístics reduït (Gardinassi et al., 2017), fet que obliga
els investigadors a utilitzar una extensa bateria d’eines diferents per
satisfer totes les necessitats de l’anàlisi.
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Amb l’objectiu de contribuir a l’extensió dels mètodes i eines
disponibles per a l’anàlisi de dades de metabolòmica, l’eina web
POMAShiny desenvolupada en el context d’aquesta tesi, proporciona
un flux de treball complet i estructurat que cobreix el els processos
de preprocessament, exploració i l’anàlisi estadística d’aquestes dades,
amb la intenció de ser una eina complementària, fàcil d’utilitzar i
intuïtiva que aborda alguns dels problemes que no estan coberts per
altres eines (objectiu específic 2a). Aquest flux de treball s’integra
en una atractiva interfície gràfica que proporciona diversos mètodes per
a l’anàlisi de dades, inclosos mètodes estadístics univariants, mètodes
multivariants i de reducció de la dimensió, mètodes de selecció de
variables, aproximacions d’anàlisi de regressió regularitzada, algo-
rismes de classificació d’aprenentatge automàtic, estratègies de models
de predicció i diverses opcions de visualització interactiva d’alta qualitat.

Aquesta nova eina es basa en el paquet de Bioconductor POMA
(objectiu específic 2) i integra molts dels mètodes més utilitzats per
a l’anàlisi de dades de metabolòmica (Gardinassi et al., 2017; Stanstrup
et al., 2019), a més d’incorporar noves alternatives útils i potents.
POMAShiny permet als usuaris dur a terme anàlisis de dades integrats
en un entorn web interactiu, intuïtiu i ben documentat, fent que el
procés d’anàlisi de dades sigui més accessible per a un ampli ventall
d’investigadors no molt familiaritzats amb els camps de la programació
i l’estadística.

L’existència conjunta tant del paquet de POMA (completament
integrat dins l’entorn de Bioconductor) com de la interfície web
POMAShiny significa un enorme increment de la reproductibilitat de
l’eina, contribuint també a la reutilització de mètodes existents als
entorns R i Bioconductor (Gentleman et al., 2004; R Core Team, 2019),
a més de permetre una fàcil extensió, integració i interoperabilitat
amb altres fluxos de treball, com la iniciativa RforMassSpectrometry
(RforMassSpectrometry.org), que proporciona les estructures de dades
utilitzades pel paquet POMA. Per tant, els usuaris poden realitzar el
processament de dades d’espectrometria i altres operacions rutinàries
de flux de treball de MS utilitzant els paquets de la iniciativa Rfor-
MassSpectrometry i després migrar fàcilment a POMA/POMAShiny
per realitzar l’anàlisi estadística.
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L’eina web POMAShiny consisteix en l’article 2, presentat a
l’apartat de resultats.

�
Amb l’assoliment dels objectius específics 1 i 2, aquesta tesi
presenta un conjunt d’eines i recursos que permeten als in-
vestigadors dur a terme les anàlisis estadístiques dels estudis
utilitzant una gran varietat de mètodes, així com dotar els
resultats d’aquestes anàlisis de la seva significació biològica
en un context de nutrimetabolòmica. A més, es proporcionen
interfícies gràfiques per totes les eines presentades en aquest
treball, facilitant la seva utilització independentment dels
coneixements de programació dels usuaris.

Pel que fa a l’objectiu específic 3, en aquesta tesi també
es presenten dos estudis de nutrimetabolòmica on s’han aplicat
gran varietat de conceptes d’anàlisi de dades així com diferents
metodologies estadístiques proporcionades per les eines i recursos
discutits anteriorment.

En el primer d’aquests estudis, l’objectiu era la identificació de
metabòlits o grups de metabòlits associats a l’índex de dieta saludable
AHEI-2010 (Chiuve et al., 2012) (objectiu específic 3a).

En aquest context, tot i que nombrosos estudis han investigat
prèviament l’associació entre els metabòlits circulants i el consum
de determinats grups d’aliments, només alguns d’ells s’han centrat
en la identificació de biomarcadors de patrons dietètics saludables.
En aquest sentit, diversos estudis han abordat recentment la iden-
tificació de potencials marcadors metabolòmics de l’AHEI-2010 en
mostres de sèrum i plasma de diferents poblacions (Akbaraly et al.,
2018; Bagheri et al., 2020; McCullough et al., 2019; Walker et al., 2020).

En aquest estudi, preteníem identificar metabòlits en orina
associats a l’índex AHEI-2010, que podrien servir com a biomarcadors
d’adherència a patrons dietètics saludables.

En aquest estudi es va utilitzar l’eina POMA (article 2) per dur a
terme tota la part de preprocessament, anàlisi exploratòria i una part
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de l’anàlisi estadística.

Mitjançant una anàlisi de regressió regularitzada LASSO i una
anàlisi univariant limma, es va poder identificar la robusta associació
positiva entre l’índex AHEI-2010 i els nivells d’enterolactona glucurònid
en orina al llarg del temps. L’enterolactona és el principal metabòlit
derivat dels la microbiota dels lignans dietètics, una subclasse de
polifenols àmpliament distribuïda en aliments vegetals com fruites,
verdures, cereals integrals, llegums i fruits secs (Senizza et al., 2020).
Es coneix que els lignans tenen diferents propietats antiinflamatòries i
antioxidants; diversos estudis epidemiològics han demostrat que les
altes concentracions circulants d’enterolactones s’associen a un menor
risc de malalties cardiovasculars (Rienks et al., 2017), diversos càncers
(Micek et al., 2021), trastorns neurodegeneratius (Reddy et al., 2020),
entre d’altres. Per tant, es podria considerar aquest metabòlit com
un biomarcador fiable i robust per avaluar com de saludable és una dieta.

La regressió LASSO també va permetre identificar una associació
reproduïble del metabòlit 5-(hidroximetil-2-furoil) glicina amb puntua-
cions altes de l’AHEI-2010 al llarg del temps, així com una associació
positiva amb el metabòlit 2-furoilglicina en un dels tres temps estudiats.
Els furans s’han proposat prèviament com a biomarcadors de diferents
productes alimentaris processats amb calor, com ara fruits secs (Prior
et al., 2006) i cafè (Heinzmann et al., 2015).

Addicionalment, malgrat que no es corrobora en els tres períodes de
temps estudiats, també es va trobar una forta associació negativa entre
la L-carnitina i l’AHEI-2010, juntament amb una associació negativa
també de la carnosina, reflectint un efecte perjudicial del consum de
carn vermella i processada sobre la salut, i una associació negativa
dels metabòlits derivats del tabac. Per contra, diversos metabòlits
que reflecteixen la ingesta de peix i marisc van mostrar associacions
positives amb l’AHEI-2010. A més, també van trobar associacions
consistents entre l’índex AHEI-2010 i altres biomarcadors candidats a
la ingesta d’aliments definits a l’ontologia FOBI (Castellano-Escuder
et al., 2020) (article 1), però només en un dels tres punts de temps
investigats. En particular, es va trobar una associació positiva amb
diversos metabòlits del vi negre (e.g., resveratrols) i metabòlits
relacionats amb la ingesta de cítrics, oli d’oliva i fruits vermells.
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En conclusió, aquests resultats mostren que una sèrie de metabòlits
relacionats amb la ingesta d’aliments estan fortament associats a
l’adhesió a hàbits dietètics saludables avaluats amb l’índex AHEI-2010
(article 4).

Finalment, el segon estudi d’aplicació presentat en aquesta
tesi tenia l’objectiu d’identificar metabòlits o grups de metabòlits
associats al risc de malaltia o a l’estat de salut (objectiu específic 3b).

La participació de factors d’estil de vida modificables en la
patogènesi del deteriorament cognitiu (CD) i de la demència està
ben acceptada avui en dia (Peters et al., 2019). En particular, s’ha
identificat la dieta com un factor fonamental en el manteniment
d’una funció cerebral adequada (Flanagan et al., 2020). De fet, molts
components de la dieta poden modular els mecanismes moleculars que
contribueixen al CD, inclosos l’estrès oxidatiu, la neuroinflamació i la
disfunció vascular (Vauzour et al., 2017).

L’objectiu d’aquest estudi era desxifrar el paper de la dieta en el
desenvolupament del deteriorament cognitiu a través d’un enfocament
de metabolòmica dirigida a gran escala.

En aquest estudi també es va utilitzar l’eina POMA (article 2)
per dur a terme tota la part de preprocessament i anàlisi exploratòria,
incloent la imputació de valors faltants, la normalització de les dades i
l’eliminació d’outliers (o mostres atípiques).

Per identificar metabòlits en sèrum associats al CD es va utilitzar
una regressió logística condicionada de LASSO combinada amb la
tècnica bootstrap, per tal d’estabilitzar els resultats i la variabilitat
intrínseca del mètode LASSO.

Molts dels metabòlits identificats en les dues poblacions d’estudi
(veure article 5), inclosos derivats de polifenols i aminoàcids aromàtics,
suggereixen una estreta interacció entre dieta, microbiota intestinal i
CD. La microbiota intestinal s’ha reconegut com un factor important
en la salut i la funció cognitiva, ja que molts metabòlits derivats de la
microbiota tenen propietats metabòliques i de senyalització essencials
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que poden modular la funció cerebral (Needham et al., 2020; Parker
et al., 2020). Per tant, s’ha plantejat la hipòtesi que la microbiota
intestinal i les molècules que produeixen podrien formar part d’una
xarxa que uneix la dieta amb la funció cognitiva a través de l’“eix
intestí-cervell” (Collins et al., 2012).

En les dues poblacions d’estudi es va observar una associació
inversa entre diversos àcids fenòlics i altres metabòlits derivats
de plantes amb les probabilitats de patir CD, proporcionant més
evidència sobre l’efecte protector del consum d’aliments rics en po-
lifenols (és a dir, fruites i verdures) contra el CD (Mottaghi et al., 2018).

En línia amb l’estudi anterior del projecte D-CogPlast, realitzat
utilitzant una aproximació de metabolòmica no dirigida (Low et
al., 2019), també vam observar una associació negativa entre la
3-metilxantina (un metabòlit derivat de la teobromina present al cacau)
i el CD. Els nivells de 3-metilxantina estaven altament correlacionats
amb la teobromina, que també es va associar negativament amb
CD en ambdues poblacions, reforçant l’efecte protector del consum
de cacau contra el CD (Moreira et al., 2016). A més, els resultats
d’aquest treball també suggereixen que la ingesta de cafè està associada
negativament amb el risc de CD (efecte protector). Com s’ha explicat
anteriorment, la 2-furoilglicina és un biomarcador del consum de cafè,
que va resultar estar associada a probabilitats més baixes de CD en les
dues poblacions d’estudi.

A més d’aquestes associacions potencialment protectores entre
aliments rics en polifenols, cacau, cafè, vi negre i CD, aquests resultats
també apunten a una associació nociva de certs components dietètics
sobre la funció cognitiva, incloent per exemple els edulcorants artificials.

En conclusió, aquests resultats apunten a una associació protectora
principalment dels metabòlits derivats de la microbiota, fruites i
verdures i cafè amb el deteriorament cognitiu, mentre que altres
metabòlits relacionats amb aliments poc saludables, com les begudes
ensucrades, poden tenir efectes nocius sobre la cognició (article 5).
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Conclusions

En aquesta tesi s’han estudiat els aspectes bàsics del descobriment de
biomarcadors dietètics mitjançant la metabolòmica, així com les bases
de l’anàlisi de significació biològica en estudis de nutrimetabolòmica. A
continuació, es destaquen les principals contribucions a aquestes àrees.
En concret, s’ha demostrat que:

• FOBI és la primera ontologia que integra dades nutricionals i
metabolòmiques mitjançant un llenguatge comú estandarditzat
per definir les relacions entre els aliments i els seus metabolits
associats. Actualment, FOBI té un total de 1197 termes, 11
classes químiques de primer nivell, 13 classes alimentàries de
primer nivell i 4 tipus de relacions diferents entre nodes.

• FOBI permet als experts anotar i analitzar dades nutricionals
i metabolòmiques d’una manera robusta, fent que els resultats
siguin comparables entre estudis d’aquests camps. El desenvolu-
pament de FOBI conduirà a una millora de la interoperabilitat
de les dades nutricionals i nutrimetabolòmiques, fent així que els
conjunts de dades generats en aquests estudis siguin plenament
compatibles amb la filosofia FAIR.

• POMAShiny és una eina web fàcil d’utilitzar que proporciona un
flux de treball integrat per l’anàlisi de dades de metabolòmica
amb un ampli ventall de possibilitats, tant per al preprocessament
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de dades com per l’anàlisi estadística, inclosos mètodes de
detecció d’outliers, operacions per l’anàlisi exploratòria, informes
descarregables i deferents metodologies estadístiques, des
d’enfocaments més senzills com ara l’analisi univariant fins a
mètodes més complexos com ara la regressió regularitzada i
algorismes d’aprenentatge automàtic.

• L’entorn de treball fobitools consisteix en un paquet de Biocon-
ductor i una aplicació web que proporcionen una infraestructura
per interactuar amb l’ontologia FOBI d’una manera senzilla.
Aquest entorn de treball permet als investigadors realitzar
anàlisis d’enriquiment en estudis de nutrimetabolòmica, entre
altres operacions útils, com ara la visualització interactiva en
xarxa de FOBI i l’anotació automàtica de dades dietètiques de
text lliure mitjançant la informació de FOBI.

• El metaboloma alimentari en orina està fortament associat a
l’adherència a hàbits dietètics saludables avaluats a través de
l’AHEI-2010. Molts dels metabòlits associats descoberts van ser
compostos derivats de la microbiota, inclosos els enterolignans,
les urolitines i els àcids fenòlics, donant suport a un rol important
de la microbiota intestinal en la interacció entre la dieta i la
salut.

• Els metabòlits derivats de la dieta i de la microbiota poden tenir
un paper important en el desenvolupament del deteriorament cog-
nitiu tardà. Els metabòlits que reflecteixen el consum d’aliments
rics en polifenols, cacau, cafè, bolets i vi negre van mostrar un
efecte protector sobre el deteriorament cognitiu, mentre que
altres metabòlits de la dieta relacionats amb components di-
etètics poc saludables van mostrar efectes nocius sobre la cognició.

Les eines desenvolupades en aquesta tesi s’han implementat en
dos paquets d’R/Bioconductor -POMA i fobitools- d’accés obert,
disponibles a Bioconductor, i la seva difusió ha estat facilitada per
dues interfícies gràfiques -POMAShiny i fobitoolsGUI- disponibles a

https://bioconductor.org
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GitHub.

https://github.com
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A.1 Thesis publications

This section includes those scientific papers done in the context of
this thesis that have already been accepted and published. Those
articles submitted to scientific journals but not yet accepted cannot
be attached here for reasons of confidentiality and plagiarism.
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Abstract
Nutrition research can be conducted by using two complementary approaches: (i)
traditional self-reporting methods or (ii) via metabolomics techniques to analyze food
intake biomarkers in biofluids. However, the complexity and heterogeneity of these
two very different types of data often hinder their analysis and integration. To manage
this challenge, we have developed a novel ontology that describes food and their
associated metabolite entities in a hierarchical way. This ontology uses a formal naming
system, category definitions, properties and relations between both types of data. The
ontology presented is called FOBI (Food-Biomarker Ontology) and it is composed of two
interconnected sub-ontologies. One is a ’Food Ontology’ consisting of raw foods and
‘multi-component foods’ while the second is a ‘Biomarker Ontology’ containing food
intake biomarkers classified by their chemical classes. These two sub-ontologies are
conceptually independent but interconnected by different properties. This allows data
and information regarding foods and food biomarkers to be visualized in a bidirectional
way, going from metabolomics to nutritional data or vice versa. Potential applications
of this ontology include the annotation of foods and biomarkers using a well-defined
and consistent nomenclature, the standardized reporting of metabolomics workflows
(e.g. metabolite identification, experimental design) or the application of different enrich-
ment analysis approaches to analyze nutrimetabolomic data. Availability: FOBI is freely
available in both OWL (Web Ontology Language) and OBO (Open Biomedical Ontolo-
gies) formats at the project’s Github repository (https://github.com/pcastellanoescuder/
FoodBiomarkerOntology) and FOBI visualization tool is available in https://polcastellano.
shinyapps.io/FOBI_Visualization_Tool/.
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Introduction

The growing emergence of high-throughput analyti-
cal techniques in the life sciences over the past three
decades, such as next-generation DNA sequencing, pro-
teomics, metabolomics and other high-throughput omics
approaches, has created significant challenges in data
management. Currently, one of the main problems that
researchers face lies in the question: where are these
data sets and how can I use them? Unfortunately, the
heterogeneity of storage platforms, data formats and
privacy requirements of some of them often hinders their
widespread access and use. In this vein, the creation of
ontologies, defined as the ‘specification of a represen-
tational vocabulary for a shared domain of discourse—
definitions of classes, relations, functions and other objects’
[1], is of vital importance to help analyze, annotate and
homogenize these large and complex data sets [2, 3]. This
is a major issue within the ‘FAIR Guiding Principles for
scientific data management and stewardship’ [4], which
aim to improve the findability, accessibility, interoperability
and reusability of data. In particular, ontologies play a
central role in the ‘Interoperability’ concept [1, 5], which
establishes that ‘(meta)data has to use a formal, accessible,
shared and broadly applicable language for knowledge
representation’ [4].

Nutritional research largely relies on accurate dietary
assessment, which is of great relevance to evaluate food
intake and dietary habits. Dietary assessments also help in
understanding the association between nutrition and health
status. Nutritional research is often conducted by using
two complementary approaches: (i) self-reporting methods
(e.g. food frequency questionnaires, dietary recalls) [6] and
(ii) the measurement of dietary biomarkers using a variety
of analytical chemistry techniques, including metabolomics
[7, 8]. With regard to traditional dietary assessment tools,
it should be noted that subjective self-reports generate very
complex textual data, containing types and quantities of
foods and recipes in very diverse and heterogeneous for-
mats that depend on the country/region, socio-demographic
factors, etc.

To properly annotate this nutritional data using a com-
mon language, the most relevant ontology in nutrition
research is FoodOn [9]. FoodOn is a comprehensive ontol-
ogy composed of ‘term hierarchy facets’ that cover basic
raw food source ingredients, packaging methods, cooking
methods and preservation methods. It also includes an
upper-level consisting of a variety of product type schemes
under which food products can be categorized. On the
other hand, the metabolomics standards initiative has also
highlighted the importance of ontologies in metabolomics
[10]. As Schlegel et al. reported, ‘the application of ontolo-

gies to metabolomics can improve the consistency of study
data and can help link data using relationships that extend
the computational capacity of the study data and enrich
that knowledge source with a myriad of nationally avail-
able data to help fuel hypothesis driven laboratory based
research’ [3].

In response to this, ChEBI (Chemical Entities of Biolog-
ical Interest, https://www.ebi.ac.uk/chebi/) has developed
a reference ontology for describing chemical compounds
of biological interest in terms of their chemical structures,
chemical categories and roles [11]. The ChEBI ontology
is manually maintained and annotated. More recently, an
automatic method for describing and classifying chemi-
cals, called ClassyFire [12], has been developed and widely
adopted by databases such as ChEBI, PubChem [13] and the
Human Metabolome Database (HMDB) [14]. ClassyFire
uses the ChemOnt ontology, consisting of more than 4800
different categories (with definitions) hierarchically struc-
tured into 11 different levels (Kingdom, SuperClass, Class,
SubClass, etc.). Additionally, the HMDB has developed the
ChemFOnt (chemical functional ontology) to describe the
biological and industrial functions of all the compounds
and metabolites found in this database. ChemFOnt consists
of four major categories (physiological effect, disposition,
process and role), 152 sub-categories and more than 4100
defined terms.

Although most existing ontologies have been specifically
designed for a single theme, there are also some others
composed of interconnected sub-ontologies, thus enabling
users to establish relationships among different variables.
For instance, ChEBI is organized in two sub-ontologies: (i)
‘Molecular Structure’, in which molecular entities are clas-
sified according to structure and (ii) ‘Subatomic Particle’,
which classifies particles smaller than atoms. On the other
hand, the Gene Ontology, includes three independent sub-
ontologies: (i) ‘Biological process’, referred to a biological
objective to which the gene or gene product contributes;
(ii) ‘Molecular function’, defined as the biochemical activity
of a gene product; and (iii) ‘Cellular component’, which
refers to the place in the cell where a gene product is
active [15]. In this regard, we would argue that nutri-
tional research also generates large amounts of complex
and inter-related data coming from self-reporting methods
and metabolomics experiments. Therefore, an intercon-
nected set of sub-ontologies would be particularly use-
ful for defining relationships between both metabolomics
data and self-reported dietary questionnaires. To facilitate
the construction of such an ontology that describes both
foods and their associated metabolite biomarkers, we will
draw from several open-access databases. These include
Exposome-Explorer [16], Phenol-Explorer [17], PhytoHub
(http://phytohub.eu/) and Food Database (FooDB) (http://
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foodb.ca/)—all of which contain rich information about
food constituents and food metabolites.

However, relationships between foods and their metabo-
lites are extremely complex and the way they are described
varies tremendously across these databases. This lack of
commonality and the lack of a common, hierarchical struc-
ture makes data comparison and data searching quite diffi-
cult. Therefore, the development of a comprehensive ontol-
ogy to clearly define the relationships between nutritional
(food composition) and metabolomics (food metabolite
or biomarker) data is needed. This ontology could have
multiple practical applications in nutrimetabolomics, being
the annotation of terms using a consistent and standardized
nomenclature the most basic one, but of great importance
in this research field due to the inherent complexity and
heterogeneity of the data managed (i.e. multiple names/syn-
onyms to define the same food/metabolite). Additionally,
other potential applications of the ontology could be the
ability to perform different enrichment analysis (e.g. to
investigate patterns of food consumption on the basis of
metabolomics data sets) or to conduct semantic similarity
analysis (e.g. to establish novel associations between foods
and metabolites). In this work, we describe FOBI (the Food-
Biomarker Ontology), an ontology created with the aim
of providing a common language to describe the many
complex relationships in nutrimetabolomics research. This
new ontology will allow users (and online databases) to
integrate dictionaries and analyze these two kinds of data
independently or together in a consistent and homoge-
neous way.

Results
FOBI is a freely available comprehensive ontology com-
posed of two interconnected sub-ontologies including the
‘Food Ontology’ and the ‘Biomarker Ontology’. This ontol-
ogy has been built using Protégé [18] and is available in
OWL (Web Ontology Language) and OBO (Open Biomed-
ical Ontologies) formats at the project’s Github reposi-
tory (https://github.com/pcastellanoescuder/FoodBiomarke
rOntology). FOBI consists of 1197 terms, 4 different prop-
erties, 13 food top-level classes, 11 biomarker top-level
classes and more than 4500 relationships. Furthermore,
FOBI is part of OBOFoundry project and FOBI IDs have
been indexed into the HMDB and FooDB databases to
facilitate the interoperability and the exchange of data.

Food Ontology

The Food Ontology was created on the basis of dietary data
obtained from self-reported surveys for dietary assessment,
including food frequency questionnaires (FFQ) and dietary

recalls (DRs) [6]. The FFQ is a closed-ended survey that
provides information on long-term dietary habits regarding
a pre-defined list of 100–150 food items. On the other hand,
DRs collect detailed information about foods consumed
over a specific period (e.g. 24 hours, 3 days). To expand
our Food Ontology as much as possible, we used the
knowhow of our research group in working with FFQs and
DRs collected from previous and ongoing projects. These
projects involved cohorts from various European countries
(e.g. Spain, France, United Kingdom). This allowed us to
cover common foods for various dietary patterns, thus
potentiating the applicability of FOBI in diverse research
projects.

Accordingly, the Food Ontology is composed of more
than 350 entities classified in different food classes. For
this purpose, we considered both ‘raw foods’ and ‘multi-
component foods’, with a multi-component food defined as
any food item composed by two or more raw foods. In turn,
the Food Ontology also describes the major ingredients
forming part of each multi-component food according to
the literature [19, 20]. These entities were annotated using
a common nomenclature to reduce the complexity and
heterogeneity of dietary data collected from free text ques-
tionnaires. This is because the same food/multi-component
food can be named in many different ways (e.g. hamburger,
burger, beef burger, etc.). Furthermore, FOBI also includes
the FoodOn IDs for those food items common for both
ontologies.

Major food classes in the Food Ontology were created
considering both the nature of the food and the availability
of food intake biomarkers for each class. A total of 13 food
top-level classes were generated: beverage food product,
cacao food product, dairy food product, egg food product,
flavouring additive, fruits and vegetables, grain plant, lipid
food product, meat food product, multi-component food,
nuts and legumes, spice or herb and sugar. In turn, each of
these 13 top-level classes have different subclass structures
depending on its nature.

Biomarker Ontology

Food intake biomarkers (FIBs) are compounds derived
directly from foods or the metabolism of food compounds
that are characteristic or particular to a specific food item
(e.g. phloretin for apple) or food category (e.g. glucosino-
lates for cruciferous vegetables) [7]. An important aspect
to highlight on this regard is that, although the concen-
tration of these metabolites in the food product may vary
as a response to different factors (e.g. variety, agronomic
practices, breeding, food processing), FIBs can always be
associated with the consumption of the corresponding food
(i.e. apple always contains phloretin, regardless the variety
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or cultivation conditions). FIBs potentially consist of a vast
number of chemicals with very different physico-chemical
properties, including polyphenols and carotenoids, coming
from plant-derived foods; derivatives of amino acids and
fatty acids (mainly found in animal products); methylxan-
thines from coffee, tea and cocoa; alkaloids, organic acids
and many others. Food constituents can undergo multiple
biotransformation steps after ingestion, thus significantly
expanding their metabolic complexity. Typically, xenobiotic
food constituents are first subjected to phase I and phase II
transformations, principally in the liver, kidneys and intes-
tine, for detoxification purposes and to facilitate their excre-
tion. Phase I metabolism normally involves cytochrome
P450-mediated oxidation and hydrolysis transformations,
while phase II reactions consist of chemical conjugations,
such as methylation, acetylation, sulfation, glucuronidation
and amino acid conjugation [21]. The gut microbiota also
plays a major role in the metabolism of poorly bioavailable
food derived metabolites, usually involving ring cleavage
reactions and a variety of fermentative pathways to pro-
duce smaller, more easily absorbed derivatives [22]. Rather
than trying to handle all possible compounds (possibly
numbering in the tens of thousands), we chose to gather
currently reported food derived metabolites and to define
their relationships with foods and dietary patterns.

To create the Biomarker Ontology, we considered almost
600 known food metabolites, including dietary compounds
and their host and microbiota-derived metabolites. These
compounds were compiled from extensive literature
reviews and the information contained in open access
databases such as Phenol-Explorer, PhytoHUB and the
FooDB. Of particular help was the material produced by
the EU-funded FoodBAll project (http://foodmetabolome.
org/), which worked on discovering and validating FIBs for
a range of foods. The FoodBAll consortium has produced a
collection of review articles published over the past 2 years
focused on the most frequently consumed food groups
[23–30]. Supplementary Table S1 summarizes the major
classes of FIBs included in our first draft of FOBI and their
associations with foods. It should be noted that this sub-
ontology is only composed by food derived metabolites,
while biomarkers of effect (i.e. endogenous metabolites
altered after food intake) have been discarded. This is not
intended to be a final, definitive ontology of food intake
biomarkers, since it will be updated with novel FIBs as new
studies are reported.

The FIBs in the Biomarker Ontology were classified
according to their chemical classes using ClassyFire [12]
and ChemOnt (version 2.1).

A key challenge in creating this sub-ontology was the
complexity and diversity of the chemical nomenclature
of food derived metabolites. For instance, caffeic acid,

a relatively simple phenolic acid found in numerous
foods such as coffee, can also be named as (E)-3-(3,4-
dihydroxyphenyl)prop-2-enoic acid (IUPAC name), trans-
3,4-dihydroxycinnamic acid, trans-3,4-dihydroxycinnamate
or 3-(3,4-dihydroxyphenyl)acrylic acid, among other
names. This disparity is even greater for more complex
metabolites or phase II derivatives (e.g. caffeic acid 3-
glucuronide, 3,4-dihydroxycinnamic acid 3-glucuronide, 4-
hydroxycinnamic acid 3-O-glucuronide, (2S,3S,4S,5R,6S)-
6-5-[(1E)-2-carboxyeth-1-en-1-yl]-2-hydroxyphenoxy-3,4,5-
trihydroxyoxane-2-carboxylate). To facilitate the use of
FOBI, metabolites are named according to the nomencla-
ture commonly employed by nutrimetabolomic researchers,
which easily enables users to differentiate isomers and
similar metabolites within the same chemical class. Besides
the FOBI ID, this ontology also lists the code numbers for
HMDB, KEGG, ChEBI, PubChem, InChIKey, InChI and
ChemSpider for all these compounds, if available, which
further facilitates the interoperability of FOBI and the
exchange of data. In addition, the Biomarker Ontology
also contains some putative FIBs previously identified via
targeted metabolomics by our research group [31, 32]. It
should be noted that, for most of these biomarkers, only
InChIKey and InChI codes are available. This is because
only a few of them are listed in HMBD, KEGG, ChEBI,
PubChem or ChemSpider so there is limited information
about their biological roles and potential food sources.

In addition, we have created a synonym file with all
these annotations for all food intake biomarkers or food
metabolites included in the Biomarker Ontology, which can
be freely download as a.csv file (Supplementary Table S2).

Ontology architecture

The architecture of FOBI is composed by classes corre-
sponding to the items from the two sub-ontologies previ-
ously described (Food and Biomarker Ontologies), based on
ChEBI (for metabolites) and FoodOn (for foods), respec-
tively, and edges representing their relationships. Within
the Food Ontology, raw foods are connected with the
corresponding food class by the property is_a. On the other
hand, multi-component foods are related to raw foods by
the property Contains, in the same way that raw foods
are connected with multi-component foods in the form of
IsIngredientOf . For the Biomarker Ontology, the relation-
ship between individual metabolites and the chemical class
(defined by ClassyFire) is also defined by the property is_a.
Finally, nodes from the Food and Biomarker Ontologies are
interconnected by the inverse properties BiomarkerOf and
HasBiomarker.

Figure 1 illustrates the FOBI architecture considering
apple as an example. According to this, apple can be
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Figure 1. FOBI architecture considering apple as an example.

a raw food with the following relationships ‘apple is_a
pomaceous fruit food product is_a plant fruit food product
is_a Fruits and vegetables is_a Food’ (the property is_a
is represented by blue arrows). In addition, apple can
also be an ingredient in multi-component foods such as
apple pie, so that ‘apple IsIngredientOf apple pie is_a
bakery product is_a multi-component food is_a Food’ as
well ‘apple pie Contains apple’ (the properties IsIngredi-
entOf and Contains are represented by orange arrows).
Considering phloretin and 5-(3’,4’-dihydroxyphenyl)-γ -
valerolactone as biomarkers of apple intake, they can be
categorized as ‘phloretin is_a 2’-Hydroxy-dihydrochalcone
is_a Chalcones and dihydrochalcones is_a Linear 1,3-
diarylpropanoid is_a Phenylpropanoids and polyke-
tides is_a Biomarker’ and ‘5-(3’,4’-dihydroxyphenyl)-γ -
valerolactone is_a Catechol is_a Benzenediol is_a Phenol
is_a Benzenoid is_a Biomarker’. Because phloretin is a
specific marker of apple, this metabolite is exclusively
connected via the Food Ontology by the relationships
‘phloretin BiomarkerOf apple’ and ‘apple HasBiomarker
phloretin’ (the properties BiomarkerOf and HasBiomarker
are represented by yellow arrows). On the other hand,
5-(3’,4’-dihydroxyphenyl)-γ -valerolactone can be derived
from various procyanidin-rich foods (cacao, tea), so it
can be connected with them following the same structure
described for apple.

FOBI network analysis

To evaluate the information content of FOBI and its effi-
ciency, we conducted network analysis to compute the
average path length (APL) among FOBI’s network nodes.
The APL is defined as the average number of steps along

the shortest paths for all possible pairs of network nodes.
The APL can be used for enrichment analysis [33] and
is considered a robust measure of a network’s topology
and its efficiency of information transport [34]. From a
more pragmatic point view, the APL can be thought of as
a measure to demonstrate whether the entities (or nodes)
within an ontology are functionally cohesive. Thus, nodes
with high cohesive functionality tend to have lower APL
values compared to randomly selected nodes [33].

If we consider an unweighted directed graph G with
the set of vertices V. Let d(v1, v2), where v1, v2 ∈ V
denote the shortest distance between v1 and v2. Assume that
d(v1, v2) = 0 if v2 cannot be reached from v1. Then, the
APL lG is:

lG = 1
n · (n − 1)

·
∑

i#=j

d(vi, vj), (1)

where n is the number of vertices in G.
To evaluate the FOBI network, we first calculated its

APL and then created 10 000 random graphs using the
Erdös–Rényi algorithm [35] and calculated the mean of
their APLs. The computed FOBI APL value was 2.33, which
is 114.26 standard deviations below the random mean
APL (5.30) (Figure 2), thus demonstrating the very high
information transport efficiency of FOBI compared to a
random network.

Implementation of the FOBI web application

The FOBI’s web application (https://polcastellano.shinya
pps.io/FOBI_Visualization_Tool/) is powered by Shiny
(https://shiny.rstudio.com). This Shiny app imports all FOBI
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Figure 2. APL of FOBI versus random graphs APLs.

relationships in R and organize them in a table or in a graph
according to the user input.

The FOBI application settings panel is shown in
Figure 3A. This user-friendly application accepts both
food and biomarker entries as FOBI entity, which can
be displayed using multiple layouts and using different
properties (is_a, BiomarkerOf and Contains). Results can
be downloaded in either a table or a graph format.

As summarized in Figure 3, this FOBI application
considerably simplifies inspection of the interrelationships
between foods and biomarkers. On one hand, food items
can be interrelated by their properties is_a and Contains
to show their classification according to food classes and
the presence of ingredients in complex multi-component
foods (Figure 3B). Similarly, food intake biomarkers can
also be categorized according to their chemical class and
additionally related to foods by their properties is_a and
BiomarkerOf (Figure 3C).

Discussion
Knowledge of the complex inter-relationships between
food types, food components, food ingredients and food
intake biomarkers is critical to facilitate our understanding
of nutrition and metabolism. Such an understanding
will enable accurate metabolomics-based food intake
assessment and assist with the development of personalized
nutrition strategies to select specific diets according
to the subject’s phenotype, disease state, microbiome,
metabolome, etc.

To this end, we have developed the FOBI. This is a
nutrition-specific ontology composed of two sub-ontologies
with an independent hierarchy but clear relationships
between them. The Food Ontology consists of known
foods grouped according to their major (13) nutritional

classes, while the Biomarker Ontology contains food
derived metabolites categorized according to their chemical
classes. The edges linking these two sub-ontologies define,
using a common language, the hierarchy of each food
and food biomarker entity, as well as the properties that
relate these two kinds of data. This architecture can be
easily interpreted at both the user and computational level.
Likewise, FOBI can be used for different purposes, from
making simple queries to complex computational queries
simultaneously using all the information stored in the
ontology.

Ontologies facilitate many practical applications, such
as annotating entities or items, performing enrichment
analysis (e.g. over representation analysis), conducting
semantic similarity analysis [2] or even to find unexpected
patterns. Some of the potential applications of FOBI are
described below. The most basic application of FOBI is in
the annotation of foods and related food biomarkers using
a consistent, well-defined, fully standardized nomenclature.
This will facilitate the comparability and interoperability
between nutrition studies, projects and research groups.
FOBI will also facilitate nutrimetabolomics research
thanks to the comprehensive description of associations
between food types and food derived metabolites, as
summarized in Supplementary Table S1. For instance,
interrelationships defined in this ontology, together with
the accurate nomenclature defined in the synonym file, will
be particularly useful in untargeted metabolomics studies
(e.g. acute intervention studies) for discriminant feature
identification.

Furthermore, this information can also serve to facilitate
study designs, from hypothesis generation (e.g. expected
metabolites occurring after a dietary intervention) to exper-
imental design (e.g. optimization of targeted metabolomics
methods focused on analytes of interest). Additionally, the
availability of FOBI will give nutrimetabolomic researchers
the ability to perform enrichment analysis. Given a set of
metabolites (e.g. discriminant metabolites identified in a
metabolomics study), the hierarchical structure of FOBI
enables one to evaluate possible over-representation of spe-
cific chemical classes, which could reflect the consumption
of particular foods or food groups. This could be a first step
towards ‘food enrichment analysis’.

Limitations

FOBI has two main limitations. The first one concerns the
relationship between foods and their metabolites. The rela-
tionships that FOBI contain are limited to the best known
and most frequent. However, there can be relationships
between foods and their metabolites that FOBI does not
contain due to the fact that not every food compound (or its
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Figure 3. The FOBI web application. (A) Settings panel of the web interface; (B) interrelationships of food items in FOBI; (C) relationships between
food items and metabolites in FOBI.

metabolite) has been tested for its presence in certain foods
or within certain human biofluids.

The second limitation concerns the limited number of
foods and food metabolites/biomarkers in FOBI. Currently,
FOBI has more than 350 food nodes (in total) and 590 food
biomarkers (only metabolites) corresponding to more than
4500 relationships (among foods, among biomarkers and
between foods and biomarkers). As with most ontologies,
FOBI is undergoing constant evolution and development.
As a result, the number of entities and the quality of
relationships described in this ontology will be continuously
increasing and improving.

Future work

FOBI is an open-source project that can be readily
used and enhanced by anyone in the nutritional and
nutrimetabolomic community. Further expansion of the
ontology to cover more food types, more food biomarkers
and more relationships will certainly increase its utility.

Future efforts will be directed at expanding this
ontology and extending it so that it is more widely used
in other curated databases such as Exposome-Explorer,
Phenol-Explorer, HMDB and FooDB.

Conclusion
FOBI is the first ontology that integrates nutritional and
metabolomic data in a comprehensive common language.
At the moment, FOBI has a total of 1197 terms (366 from
Food Ontology and 831 from Biomarker Ontology), 11
chemical top-level classes, 13 food top-level classes and 4
different properties that are fully defined and which have
clear relationship mappings. FOBI defines the relationships
between foods and their metabolites (biomarkers) through
a formal ontology.

FOBI allows experts to annotate and analyze nutritional
and metabolomic data in a consistent way, making the
results comparable between and across studies in the same
field. The development of FOBI will lead to an improvement
in the interoperability of nutritional and nutrimetabolomic
data thereby making the data sets generated from these
studies fully FAIR compliant.
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Abstract

Metabolomics and proteomics, like other omics domains, usually face a data mining
challenge in providing an understandable output to advance in biomarker discovery and
precision medicine. Often, statistical analysis is one of the most difficult challenges and
it is critical in the subsequent biological interpretation of the results. Because of this,
combined with the computational programming skills needed for this type of analysis,
several bioinformatic tools aimed at simplifying metabolomics and proteomics data
analysis have emerged. However, sometimes the analysis is still limited to a few
hidebound statistical methods and to data sets with limited flexibility. POMAShiny is a
web-based tool that provides a structured, flexible and user-friendly workflow for the
visualization, exploration and statistical analysis of metabolomics and proteomics data.
This tool integrates several statistical methods, some of them widely used in other types
of omics, and it is based on the POMA R/Bioconductor package, which increases the
reproducibility and flexibility of analyses outside the web environment. POMAShiny
and POMA are both freely available at
https://github.com/nutrimetabolomics/POMAShiny and
https://github.com/nutrimetabolomics/POMA, respectively.

Author Summary

Metabolomics and proteomics are two growing areas in human health and personalized
medicine fields. Often, one of the main applications of metabolomics and proteomics is
the discovery of novel biomarkers and new therapeutic targets in these areas. However,
these data are extremely complex and hard to analyse, since they have a large number
of features, several missing values, and often important clinical variables to consider in
the analyses. Therefore, powerful and versatile tools are needed to provide efficient
methods for data visualization and exploration, as well as a wide range of robust
statistical methods to meet all data and users requirements. Although powerful tools do
exist for the analysis of these data, many of them are still limiting the analyses in terms
of visualization and statistical analysis. To address this limitation and complement the
existing tools, we have developed a web-based application, named POMAShiny, for the
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data analysis of metabolomics and proteomics. This novel and versatile tool offers a
wholly interactive and easy-to-use environment for the analysis of these data, including
numerous methods for preprocessing, data visualization and statistical analysis. The
POMAShiny open-source tool is extremely flexible and portable, as it can be installed
locally and freely accessed online at
https://webapps.nutrimetabolomics.com/POMAShiny.

Introduction 1

Metabolomics and proteomics are two rapidly growing areas of omics science that 2

employ analytical techniques such as liquid chromatography (LC), gas chromatography 3

(GC), capillary electrophoresis (CE), mass spectrometry (MS) and nuclear magnetic 4

resonance (NMR) [1]. In turn, the results derived from these analytical techniques can 5

be analysed in many different ways. Often, one of the main applications of 6

metabolomics and proteomics is the characterization of novel therapeutic targets and 7

patterns in human health and precision medicine fields [2, 3]. 8

During the last decade, many open-source tools have emerged that contribute to the 9

analysis of these complex data [4]. However, most of these tools remain very specific 10

and may limit the analysis to a few statistical methods [5], forcing researchers to use an 11

extensive battery of different tools to meet all the needs of the analysis. 12

Currently, statistical analysis of metabolomics and proteomics data is mainly 13

conducted by using several programming tools [4] and/or via different web-based 14

tools [6–9] according to the aims of the researchers. Web-based tools are often a very 15

popular choice for researchers, as they provide fast and easy-to-use graphical interfaces 16

that bring statistical analysis closer to the scientific community without the need for 17

extensive programming skills. However, additional statistical approaches that are not 18

implemented in these tools can be really useful in the data analysis process. 19

In an effort to contribute to the extension of available methods and options for 20

metabolomics and proteomics data analysis, POMAShiny provides a comprehensive and 21

structured workflow that covers the preprocessing, exploratory data analysis and 22

statistical analysis of these data. This workflow is integrated into a user-friendly, 23

attractive web-based user interface, mainly focused on statistical analysis. This new tool 24

provides several powerful methods, including univariate statistical methods, multivariate 25

and dimension reduction methods, feature selection methods, regularized regression 26

analysis approaches, machine learning classification algorithms, prediction model 27

strategies and several high-quality interactive visualization options. 28

This new tool is based on the POMA R/Bioconductor package 29

(http://www.bioconductor.org). POMAShiny integrates many of the most widely 30

used methods for metabolomics and proteomics data analysis [4,5] and incorporates new 31

useful and powerful alternatives. 32

The joint existence of both the POMA R/Bioconductor package and the 33

POMAShiny web interface means a huge increase in the reproducibility of the tool, 34

contributing to the reusability of previous existing methods in the R and Bioconductor 35

environments [10,11], as well as allowing easy extension, integration and interoperability 36

with other workflows, such as the RforMassSpectrometry initiative 37

(RforMassSpectrometry.org), which provides the data structures used by the POMA 38

package. Therefore, users can perform the spectral data processing and other routine 39

MS workflow operations using the RforMassSpectrometry complementary packages, and 40

then easily migrate to POMA to perform the statistical analysis without changing the 41

data structure. 42
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Design and Implementation 43

POMAShiny is a web-based tool wholly written in the open-source R programming 44

language [10] and available under GPL-3.0 license. POMAShiny is powered by the 45

Shiny framework [12] and all source code is available at the project’s GitHub repository 46

(https://github.com/nutrimetabolomics/POMAShiny). 47

On the one hand, POMAShiny’s back-end structure uses the POMA [13], 48

MSnbase [14] and tidyverse family [15] R packages to keep all code clean and as 49

readable as possible, thereby facilitating the software maintenance. On the other hand, 50

POMAShiny’s front-end is based on the bs4Dash [16] R package, providing a highly 51

easy-to-use dashboard design with most JavaScript features that makes the web 52

interface very attractive for users. According to this design, the main menu with all 53

panels and options is on the left side of the page while the main display screen is in the 54

centre right of the page. 55

All functions provided in POMAShiny are tested with the testthat R package [17] on 56

a continuous integration system using Travis, AppVeyor and GitHub Actions, covering 57

tests on Linux, Mac and Windows with the current R versions and achieving more than 58

95% of code coverage [18] (https://github.com/nutrimetabolomics/POMA). 59

Users can download and launch POMAShiny locally (on Linux, Mac and Windows) 60

or they can access the app online version hosted at 61

https://webapps.nutrimetabolomics.com/POMAShiny. For a better experience, the 62

authors recommend Safari or Chrome web browsers. 63

POMAShiny has been containerized using Docker. The Docker image is freely 64

available at DockerHub, meaning a huge increase in the reproducibility, portability and 65

scalability of the tool. Both local and Docker launch instructions are available at 66

https://github.com/nutrimetabolomics/POMAShiny. 67

Results 68

POMAShiny provides an analysis workflow structured in the four sequential and 69

well-defined panels described below, namely 1) data upload, 2) preprocessing, 3) 70

exploratory data analysis (EDA) and 4) statistical analysis, all of them with their 71

respective subpanels (see Fig 1). 72

Fig 1. POMAShiny’s workflow. The workflow is divided into four
well-separated panels. Both target and features files are required as an
input. Once these files are uploaded, the data are preprocessed and
prepared for display in the exploratory data analysis panel (EDA). Finally,
after the preprocessing and EDA panels, several statistical methods and
options are provided in the statistical analysis panel, where users can
analyse the data and download the results in both plot and table formats
(icons made by Freepik from www. flaticon. com ).

Data upload 73

In order to keep “raw data” as “raw” as possible and create the ability to include 74

covariates in the analysis, POMAShiny requires two comma-separated value (CSV) files 75

as an input: the target (or metadata) file and the features file. The target file must 76

provide the sample names in the first column and the group labels (e.g., control and 77

case) in the second column. Optionally, from the third column (included), users can 78
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upload relevant covariates to be used in subsequent statistical analysis. The features file 79

contains all quantified features in the experiment, one in each column starting from the 80

first one. The order of rows in both files must be the same. Once these files are 81

uploaded, POMAShiny converts them internally into an MSnSet object, as defined in 82

the MSnbase R/Bioconductor package [14]. 83

Once the target and features files are uploaded, users can select specific rows 84

(samples) on the target file tab to create a data subset for those selected samples. If any 85

selection is made, only the selected samples will be analysed. 86

Furthermore, POMAShiny provides a function that allows users to combine different 87

features that are part of the same entity. This optional operation can be very useful 88

when the data contain different peptides that are part of the same protein or different 89

ions representing the same compound. If users enable this option, a “grouping file” 90

(CSV) indicating which features should be combined will be required. Several methods 91

for performing this task are provided in POMAShiny, as well as the ability to download 92

a table with the coefficients of variation of those combined features. 93

Preprocessing 94

Missing value imputation. Often, for biological and technical reasons (e.g., inaccurate 95

peak detection, values under the limit of quantification, etc.), some features cannot be 96

identified or quantified in some metabolomics and proteomics samples [19, 20]. To 97

address this problem, several methods have been developed and compared to identify 98

the best approaches for data imputation in this context [19–21]. POMAShiny workflow 99

offers a missing value imputation panel composed of different operations divided into 100

three sequential steps: 1) distinction between zeros and missing values, 2) removal of 101

features with a high percentage of missing values, and 3) imputation of remaining 102

missing values. 103

First, if the data contain zeros or a combination of zeros and missing values, users 104

can distinguish between them by using the algorithm provided by POMAShiny. For 105

example, if the data contain both endogenous and exogenous compounds, the exogenous 106

ones could be a real zero if they are not in the sample (absence), while the endogenous 107

ones are unlikely to be real zeros (since they should always be in the sample, at least in 108

very low concentrations). In that case, users could consider zeros as real zeros and 109

impute only the missing values in the data. However, if users do not know the exact 110

nature of the zeros in the data, or the difference between zeros and missing values, the 111

authors recommend considering all zeros as missing values. 112

Second, users are able to remove features of the data with more than a specific 113

percentage of missing values in all the study groups (20% allowed by default). Finally, 114

several imputation methods for dealing with the remaining missing values after the two 115

previous steps are provided in POMAShiny. The available methods are the imputation 116

by zero, the half minimum imputation, the imputation by median, the imputation by 117

mean, the imputation by minimum and the k-nearest neighbours imputation (where 118

missing values are imputed using the k-nearest neighbours algorithm [22]). 119

Normalization. It is generally accepted that some factors can introduce variability in 120

metabolomics and proteomics data. Even if the data have been generated under 121

identical experimental conditions, this introduced variability can have a critical 122

influence on the final statistical results, making normalization a key step in the 123

workflow [23]. These factors include: 1) differences in orders of magnitude between 124

measured feature concentrations, 2) differences in the fold changes in feature 125

concentration due to the induced variability, 3) large fluctuations in the concentration of 126

some features under identical experimental conditions, 4) technical variability, and 5) 127

heteroscedasticity [24]. POMAShiny provides six different normalization methods 128
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widely used in this field and compared in different studies [24, 25]. Here, the 129

normalization process comprises both the transformation and scaling of the data in a 130

single step. The methods available for this purpose are autoscaling, level scaling, log 131

scaling, log transformation, vast scaling, and log pareto scaling. 132

Outlier detection. The last step provided in this panel is outlier detection and data 133

cleaning. Outliers are defined as observations that are not concordant with those of the 134

vast majority of the remaining data points [20]. Outliers in metabolomics and 135

proteomics can be separated into biological and analytical outliers [26]. On the one 136

hand, the first group reflects random and induced biological variations that make some 137

observations different from others. On the other hand, the second group reflects different 138

kinds of problems during the analytical process (e.g., sampling, storage) [26]. These 139

values can have an enormous influence on the resultant statistical analysis, making it 140

difficult to meet all required assumptions in the most commonly applied statistical tests 141

as well as all required assumptions in many regression techniques and predictive 142

modelling approaches. Therefore, outlier detection procedures are a critical point on 143

which all subsequent analysis will depend (both inference and predictive statistics). 144

POMAShiny allows the analysis of outliers by different plots and tables as well as 145

the possibility of removing statistical outliers from the analysis using different 146

customizable parameters (see Fig 2). 147

Fig 2. Screenshot of the “Outlier detection” panel showing the Euclidean
distances in principal coordinate space between samples and their respective
group centroid. ST000284 example data were used to create this plot.

Here, we propose an ad hoc multivariate outlier detection method based on the 148

Euclidean distances among observations and their distances to each group centroid in a 149

two-dimensional space (maximum, manhattan, canberra and minkowski distances are 150

also available). Once the distances are computed, the classical univariate outlier 151

detection formula Q3 + x ⇤ IQR is used to detect multivariate group-dependent outliers 152

using the computed distances to each group centroid (x; the higher this value, the less 153

sensitive the method is to outliers) (Fig 2). 154

Exploratory data analysis 155

As discussed in the preprocessing section, many uncontrolled factors can introduce bias 156

in a systematic manner in metabolomics and proteomics experiments: different 157

chromatographic columns, eventual repair of the LC-MS system, different laboratory 158

conditions, etc. [27]. Exploratory data analysis (EDA) can help in evidencing some of 159

these confounding factors and possible outliers [27]. For that reason, it is highly 160

recommended to perform an EDA before any statistical analysis [28, 29]. Moreover, in 161

the case of negligible confounding factors or outliers, EDA can also be useful for getting 162

a first idea of those most interesting features in the study. 163

POMAShiny offers several interactive and highly customizable plots designed to 164

facilitate this process, providing a wide range of visualization options. The specific EDA 165

functionalities implemented in POMAShiny are the volcano plot (for two-group studies), 166

boxplots, density plot and heatmap. However, PCA (principal component analysis) and 167

cluster analysis should also be considered in this section. 168

POMAShiny interactive boxplots are designed to visualize all features at once; 169

however, users can easily customize this plot to display only features of interest. Unlike 170

boxplots, the interactive density plot is designed to explore the distribution of the study 171

groups. Alternatively, users can also display the distribution of specific features. 172
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POMAShiny also provides a clustered heatmap with a color stripe that corresponds to 173

the group study label of each sample. Finally, for two-group studies, including a volcano 174

plot in EDA can be very helpful for exploring those features that may be most 175

influential in the study. POMAShiny’s interactive volcano plot is based on the results of 176

a T-test, where users can specify if the data are paired or if the variance is equal in the 177

study groups. 178

PDF report. In an effort to facilitate the EDA process, POMAShiny includes a 179

function to automatically generate a PDF report with a complete EDA, including all 180

plots mentioned above. Users can generate the PDF report by clicking the “Exploratory 181

report” button in the data upload panel. 182

The automatically generated PDF report provides information about the number of 183

samples, features, covariates and the main study groups, as well as information on the 184

percentage of total missing values in the data and the specific number of missing values 185

per feature. Moreover, information on the number of zeros and features without 186

variability is also provided. All the information provided in the PDF report is given in 187

tables, plots and text format. A section with boxplots and density plots before and after 188

missing value imputation and normalization (k -NN and log pareto scaling methods by 189

default) is also included, providing users with valuable information about the 190

preprocessing effect on the data. Furthermore, an outlier analysis, highly correlated 191

features (r> 0.97), clustered heatmap and a PCA scores plot are also provided. 192

A POMAShiny PDF report helps users to have a quick and accurate description of 193

the data. An example of this report is included as a vignette in the POMA package and 194

it is also available at POMA’s GitHub repository. 195

Statistical analysis 196

This panel encompasses several statistical methods, from the most commonly used 197

approaches in metabolomics and proteomics data analysis to other less frequently used 198

methodologies in these fields. All statistical methods offered in POMAShiny (Table 1) 199

are implemented in a highly user-friendly way and generate both downloadable tables 200

and interactive plots as outputs. 201

Univariate analysis. POMAShiny offers four widely used methodologies for 202

performing classical parametric and non-parametric univariate tests. On the one hand, 203

T-test (two-group analysis) and ANOVA (> 2 group analysis) methods are available to 204

perform parametric tests. In the ANOVA tab, an ANCOVA (analysis of covariance) 205

model is also computed if covariates are included in the target file. On the other hand, 206

the Mann-Whitney U test (two-group analysis) and Kruskal-Wallis test (>2 group 207

analysis) are available for non-parametric analysis. Each of these methodologies offers 208

customizable parameters to adjust the analysis to users and data requirements. Due to 209

the large number of tests performed in these types of analyses, the FDR (false discovery 210

rate) method is used to compute adjusted p-values. 211

Limma. Limma (linear models for microarray data) is a univariate method created 212

for the statistical analysis of gene expression experiments as microarrays [30]. In recent 213

years, this approach has become the main choice for many researchers to explore and 214

identify differential expressed genes between two conditions. Due to the many 215

similarities between metabolomics, proteomics and microarray data (often hundreds of 216

features and small sample sizes, quantitative data, etc.), limma can be used in 217

metabolomics and proteomics data sets when they meet the requirements (e.g., feature 218

normal distributions). POMAShiny allows users to perform limma models easily and 219

include covariates in the model, if necessary. If covariates are provided in the target file 220
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Table 1. Statistical methods provided in POMAShiny. *Methods that allow the use of
covariates.

Univariate methods
Parametric

T-test (paired/unpaired)

ANOVA

ANCOVA*

Limma*

Non-parametric
Mann-Whitney U test
(paired/unpaired)

Kruskal-Wallis

Multivariate methods
Unsupervised

PCA

k -means

Multidimensional scaling
(MDS)

Supervised
PLS-DA

sPLS-DA

Correlation methods

Parametric Pearson’s correlation*

Non-parametric
Spearman’s correlation*

Kendall’s correlation*

Visualization
Gaussian graphical
models (GGMs)

Statistical learning
methods

Regularized regression
LASSO regression

Ridge regression

Elasticnet regression

Decision trees Random forest

Generalized linear
models

Logistic regression Odds ratio calculation*

Permutation tests Non-parametric Rank products
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(e.g., batch effects, sex, age), two limma models – with and without covariates – are 221

computed automatically, including the covariates in the model in the order in which 222

they are provided in the target file (the further to the left, the more importance in the 223

model). An interactive volcano plot based on the limma results is also generated in this 224

tab. 225

Multivariate analysis. Multivariate methods focus analyses on the observation of 226

more than one feature at a time, taking into account the different relationships between 227

features. These methods can provide information about the structure of the data and 228

different internal relationships that would not be observed with univariate statistics. 229

However, the interpretation of these analyses can be more complex. 230

The most frequently used multivariate methodologies in metabolomics and 231

proteomics statistical analysis are PCA, for unsupervised analysis, and PLS (partial 232

least squares), for supervised analysis [31]. POMAShiny provides a collection of three 233

different multivariate approaches powered by the mixOmics Bioconductor package [32]. 234

The provided methods are PCA, PLS-DA (partial least squares discriminant analysis), 235

and sPLS-DA (sparse partial least squares discriminant analysis). 236

PCA is an unsupervised method for dimension reduction that is done by calculating 237

the data covariance matrix and performing eigenvalue decomposition on this covariance 238

matrix without considering sample groups. In contrast, PLS-DA is a supervised method 239

that uses the multiple linear regression method to find the direction of maximum 240

covariance between the data and sample group [33]. sPLS-DA has been presented 241

elsewhere [34] as an extension of sPLS (sparse partial least squares) [35] designed for 242

classification problems. Note that while PCA is often used in exploratory data analysis, 243

PLS-DA and sPLS-DA are used for classification and feature selection purposes, 244

respectively. Several tuning parameters are available in all multivariate methods 245

provided in POMAShiny. Users can define the number of components to compute, 246

numerous graphical parameters, the number of features to select (in sPLS-DA), the VIP 247

(variable importance in the projection) cut-off (in PLS-DA) and the cross-validation 248

method to use, including both leave-one-out (LOO) and k-fold cross-validation. 249

Cluster analysis. Cluster analysis is also composed of multivariate methods, however 250

this section is separated from multivariate methods to make POMAShiny structure 251

clearer and more intuitive. The cluster analysis provided in POMAShiny allows users to 252

explore different clusters in the data using the k -means algorithm [36]. k -means is an 253

unsupervised method aimed at assigning all samples of the study to k clusters based on 254

the sample means. By default, the optimal number of clusters (k) is determined 255

through the popular “elbow method”. Alternatively, users can define a specific number 256

of clusters. 257

To provide a multivariate visualization of computed clusters, POMAShiny projects 258

these clusters in the first two dimensions of a multidimensional scaling (MDS) plot [37]. 259

Many user-customizable parameters are offered to define the distance used in MDS 260

calculation. POMAShiny provides a table with the assigned cluster to each sample and 261

an interactive MDS plot with computed clusters. This feature serves the users both in 262

terms of cluster analysis and in calculating a classic MDS, integrating two useful 263

functionalities within the same tab. As mentioned before, this method can also be 264

useful in EDA. 265

Correlation analysis. Correlation analysis is usually one of the preferred options for 266

evaluating the strength of relationships between different features [38]. 267

POMAShiny provides different approaches to conducting an accurate correlation 268

analysis. First, POMAShiny provides a highly customizable and interactive scatterplot 269

of pairwise correlation between features (Fig 3). Here, users can select two different 270
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features and explore them in a very comfortable way, as they are able to remove some 271

points of the plot by clicking on them, drawing a smooth line based on a linear model, 272

and exploring pairwise correlations within each study group and among factorial 273

covariates (if they are provided). A downloadable table with all pairwise correlations 274

between features is also provided. Moreover, POMAShiny provides a global correlation 275

plot (or correlogram) and a network correlation plot. For all of the above methods and 276

options, the three most common methods for calculating correlation coefficients – 277

Pearson, Spearman and Kendall – are available. 278

Fig 3. Screenshot of the “Correlation Analysis” panel showing an interactive
scatterplot of pairwise correlation between acetoacetate and epinephrine in
the three different study groups “CRC”, “Healthy” and “Polyp”. ST000284
example data were used to create these plots.

Lastly, POMAShiny provides an alternative method for correlation network 279

visualization in this tab. Estimation of Gaussian graphical models (GGMs) through the 280

glasso R package [39] is also provided here. Thus, users can define the regularization 281

parameter to estimate a sparse inverse correlation matrix using LASSO [40] and 282

visualize the resultant GGM in a network plot. 283

Regularized regression. Regularized regression is a type of regression that shrinks the 284

coefficient estimates towards zero, providing less complex and flexible models but 285

avoiding the risk of overfitting. POMAShiny offers three different regularization 286

strategies: LASSO, ridge regression and elasticnet. 287

LASSO (least absolute shrinkage and selection operator) is a regression analysis 288

method that sets some coefficients to zero, providing more compact and interpretable 289

models [40, 41]. Because of that, LASSO is a very good approach for the statistical 290

analysis of metabolomics and proteomics data, both in terms of feature selection and 291

prediction model performance. 292

POMAShiny provides a function based on the glmnet R package [42] that allows 293

users to create LASSO logistic regression models (two-group analysis) both for feature 294

selection and prediction model purposes. If the purpose is not predictive, users can set 295

the test set parameter to zero and the function will return interactive plots and tables 296

referring to the LASSO model created using all samples of the study. Otherwise, if the 297

purpose is to build a predictive model, users can select the proportion of samples that 298

will be used as a test set. In the second case, POMAShiny will fit a LASSO model 299

without using the test set and using it only to perform an external validation, providing 300

users with numerous real prediction metrics (accuracy, accuracy confidence intervals, 301

sensitivity, specificity, etc.). Alternatively, users can also perform elasticnet (defining a 302

penalty parameter) and ridge regression models in the same tab. For all regularized 303

regression strategies provided in POMAShiny, the lambda parameter is chosen 304

automatically through internal k-fold cross-validation. 305

Random forest. In recent years, machine learning algorithms such as random forest 306

have become very common in the analysis of omics data. These algorithms are 307

constantly used both to rank the importance of features and to create prediction models. 308

POMAShiny provides a classification random forest algorithm [43] designed for the 309

creation of prediction models to classify between two or more groups. This feature 310

allows users to easily split data into train and test sets, where a train set is used to 311

create the model and a test set is used only to perform an external validation. 312

POMAShiny’s random forest tab provides different tables and interactive plots with 313

model metrics and the importance of features in the classification. In addition, the 314
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classification algorithm provided by POMAShiny returns the model confusion matrix 315

and errors calculated using the test set, providing a real measure of model accuracy. 316

Odds ratio. Odds ratio (OR) calculation can be very helpful in visualizing and 317

exploring the individual feature effects on the study outcome. POMAShiny includes an 318

option to calculate OR based on a logistic regression model (two-group analysis). By 319

changing the function parameters, users can easily define those features that will be 320

included in the model and the ability to include study covariates in the model. 321

Rank products. The rank product is a statistical non-parametric test based on ranks 322

of fold changes. This method has been used for several years to detect differentially 323

expressed genes in microarray experiments [44]. However, in recent years this 324

methodology has also become popular in other omics fields such as transcriptomics, 325

metabolomics and proteomics [45]. POMAShiny includes an option to calculate rank 326

products both for paired and unpaired samples with a set of customizable parameters. 327

This function provides both tables and interactive plots showing the upregulated and 328

downregulated features, respectively. 329

Help and instructions 330

A comprehensive manual that details all POMAShiny functionalities is provided in the 331

“Help” panel. In addition, users can also access all parameter-specific instructions by 332

clicking on the “Help” icon available in each panel. 333

Example data 334

POMAShiny includes two example data sets that are both freely available at 335

https://www.metabolomicsworkbench.org. The example data set ST000284 consists 336

of a targeted metabolomics three-group study and the example data set ST000336 337

consists of a targeted metabolomics two-group study. These two data sets allow users to 338

explore all available functionalities in POMAShiny. Both data set documentations are 339

available at https://github.com/nutrimetabolomics/POMA. 340

Comparison with existing tools 341

Currently, most metabolomics and proteomics data analyses performed via web 342

applications are conducted using the XCMS [6], MetaboAnalyst [7], 343

Workflow4Metabolomics (W4M) [8] and Galaxy [9] tools. Among these tools, 344

MetaboAnalyst and W4M are the most frequently used and complete in terms of 345

statistical analysis [7]. 346

Detailed comparisons among W4M, MetaboAnalyst and POMAShiny are exhibited 347

in Table 2. 348

In terms of visualization and exploratory data analysis, only a few plots provided in 349

MetaboAnalyst and W4M are interactive, while POMAShiny provides a whole 350

interactive environment for almost all provided plots, offering a wide range of 351

visualization options. As regards the importance of exploratory data analysis, 352

POMAShiny dedicates a whole block of the workflow specifically to this issue, including 353

an automatic PDF exploratory report. In contrast, both MetaboAnalyst and W4M 354

provide an independent dendrogram plot, while in POMAShiny it is integrated into the 355

heatmap. 356

As shown in Table 2, POMAShiny offers several methodologies for performing the 357

three key preprocessing steps in metabolomics and proteomics: the missing value 358

imputation, normalization and outlier detection. Being the implementation of a 359
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methodology for outlier detection and cleaning as part of preprocessing a significant 360

improvement in the reproducibility of the results that other tools do not provide. 361

Overall, the primary strength of POMAShiny is the statistical analysis. 362

Consequently, it is shown in Table 2 that POMAShiny provides the most commonly 363

used statistical methods for metabolomics and proteomics data analysis and other very 364

useful methods that the MetaboAnalyst and W4M tools do not provide (e.g., 365

regularized regression methods, rank products), as well as the opportunity to include 366

covariates in the analysis. The increasing complexity of experimental designs has made 367

covariates such as sex and BMI (body mass index) have a high bias in the results. Thus, 368

the ability to use statistical methods such as ANCOVA or limma – which combine 369

features data with other covariates – means an improvement in the accuracy and 370

understanding of the results. 371

However, while POMAShiny does not offer some of the useful methods offered in 372

MetaboAnalyst and W4M, such as orthogonal partial least squares discriminant analysis 373

(OPLS-DA) or support vector machine (SVM), it does provide some useful 374

methodological alternatives that these tools do not provide. These methodologies are 375

LASSO, ridge regression, elasticnet regularization, ANCOVA, limma, rank products, 376

odds ratio calculation and GGMs as a visualization option for correlations. 377

Finally, another significant advantage of POMAShiny is the predictive modelling 378

strategy found in the regularized regression methods and in the random forest 379

algorithm. POMAShiny allows users to easily create a random test set to perform an 380

external validation of the model created with the training set, in contrast to 381

MetaboAnalyst and W4M, which use the entire data set to create the models. This is a 382

remarkable advantage as the results of POMAShiny both for regularized regression and 383

random forest strategies provide real metrics of prediction models, allowing users to 384

evaluate the model overfitting. 385

Discussion 386

Despite the complexity of metabolomics and proteomics data, many of the most widely 387

used web tools for statistical analysis of these data are not very versatile in terms of the 388

input data structure and limit the analysis to a few statistical methods. POMAShiny is 389

a web-based tool aimed at covering some of these data analysis bottlenecks, as it is a 390

user-friendly and intuitive complementary tool that addresses some of the issues not 391

covered by other tools. POMAShiny offers an integrated metabolomics and proteomics 392

data analysis workflow with a wide range of possibilities both for data preprocessing 393

and statistical analysis, including outlier detection methods, flexible exploratory data 394

analysis operations, downloadable reports and several statistical methods, from simpler 395

approaches such as univariate statistics to more complex methods such as regularization 396

and machine learning prediction algorithms. This tool requires two files as an input – 397

the target and features file – giving users the opportunity to include important study 398

covariates in the analysis. This intuitive and powerful web interface allows users to 399

perform an integrated data analysis in an interactive, well-documented and extremely 400

user-friendly web environment, making the data analysis process more accessible to a 401

wide range of researchers not so familiar with programming and/or statistical fields. 402

Availability and Future Directions 403

The POMAShiny web application is hosted at our own server, 404

https://webapps.nutrimetabolomics.com/POMAShiny, and is freely available to 405

download at the project’s GitHub repository, 406
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Table 2. Comparison of the main features of POMAShiny with
Workflow4Metabolomics (W4M) and MetaboAnalyst web-based tools. Symbols used for
feature evaluations with “X” for present and “7” for absent.

Methods POMAShiny W4M MetaboAnalyst

Visualization

Heatmap X X X
Scatterplot (feature-feature) X X 7

Correlogram X X X
Gaussian graphical models X 7 7

Density plot (samples, features) X 7 X
Boxplot (samples, features) X 7 X
Volcano plot X X X
Histogram 7 X 7

Dendrogram 7 X X

Preprocessing
Missing value imputation X 7 X
Normalization X X X
Outlier detection/cleaning X 7 7

Statistical
analysis

T-test X X X
ANOVA X X X
ANCOVA X 7 7

Limma X 7 7

Mann-Whitney U test X X X
Kruskal-Wallis X X X
PCA X X X
k -means X 7 X
Multidimensional scaling X 7 7

PLS-DA X X X
OPLS(-DA) 7 X X
sPLS-DA X 7 X
Pearson’s correlation X X X
Spearman’s correlation X X X
Kendall’s correlation X 7 X
LASSO regression X 7 7

Ridge regression X 7 7

Elasticnet regression X 7 7

Random forest X X X
Support vector machine 7 X X
Empirical bayesian analysis 7 7 X
Odds ratio calculation X 7 7

Rank products X 7 7
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https://github.com/nutrimetabolomics/POMAShiny, where we also use the GitHub 407

Issues tab as a discussion channel. Additionally, users can also download the 408

POMAShiny Docker container from DockerHub. S1 Code contains source code, 409

documentation and the Dockerfile of POMAShiny. S2 Code contains the POMA 410

R/Bioconductor package source code and test data sets provided in POMAShiny. 411

POMAShiny is an open-source project that can be readily used and enhanced by the 412

scientific community. Further expansion of the tool to cover more preprocessing and 413

statistical methods will certainly increase its utility. The upcoming software 414

enhancements will be directed at implementing new statistical methods, especially 415

focused on machine learning algorithms, to enable more diverse and robust predictive 416

abilities in the application. In addition, new visualization methods and different 417

statistical analysis automatic reports will also be implemented. 418

Supporting Information 419

S1 Code. Source code files and POMAShiny documentation. In addition to 420

the source code, the archive file contains the documentation for the installation and 421

usage of the app and the Dockerfile to create a Docker image of POMAShiny. 422

(ZIP) 423

S2 Code. Source code files and POMA Bioconductor package 424

documentation. In addition to the source code, the archive file contains the 425

documentation of POMA and test data sets provided in POMAShiny. 426

(ZIP) 427
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13. Castellano-Escuder P, González-Domı́nguez R, Andrés-Lacueva C, Sánchez-Pla A.
POMA: User-friendly Workflow for Pre-processing and Statistical Analysis of
Mass Spectrometry Data; 2020. Available from:
http://www.bioconductor.org/packages/release/bioc/html/POMA.html.

14. Gatto L, Lilley K. MSnbase - an R/Bioconductor package for isobaric tagged
mass spectrometry data visualization, processing and quantitation.
Bioinformatics. 2012;28:288–289.

15. Wickham H, Averick M, Bryan J, Chang W, McGowan LD, François R, et al.
Welcome to the tidyverse. Journal of Open Source Software. 2019;4(43):1686.
doi:10.21105/joss.01686.

16. Granjon D. bs4Dash: A ’Bootstrap 4’ Version of ’shinydashboard’; 2019.
Available from: https://CRAN.R-project.org/package=bs4Dash.

17. Wickham H. testthat: Get Started with Testing. The R Journal. 2011;3:5–10.

18. Hester J. covr: Test Coverage for Packages; 2020. Available from:
https://CRAN.R-project.org/package=covr.

19. Wei R, Wang J, Su M, Jia E, Chen S, Chen T, et al. Missing value imputation
approach for mass spectrometry-based metabolomics data. Scientific reports.
2018;8(1):1–10.

20. Steuer R, Morgenthal K, Weckwerth W, Selbig J. A gentle guide to the analysis
of metabolomic data. In: Metabolomics. Springer; 2007. p. 105–126.

21. Armitage EG, Godzien J, Alonso-Herranz V, López-Gonzálvez Á, Barbas C.
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A.2. Thesis software 187

A.2 Thesis software

This section includes two use cases of the software developed in the
context of this thesis. The first use case corresponds to the POMA
package and the second one to the fobitools package, respectively.

A.2.1 POMA use case



lb2 +�b2, SPJ� rQ`F~Qr

SQH *�bi2HH�MQ@1b+m/2`- *`BbiBM� �M/`ûb@G�+m2p� �M/ �H2t a�M+?2x@SH�

J�v- kykR

*QMi2Mib

R AMbi�HH�iBQM k

k GQ�/ SPJ� k

j h?2 SPJ� qQ`F~Qr k
jXR .�i� S`2T�`�iBQM X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X k

jXRXR "`B27 .2b+`BTiBQM Q7 1t�KTH2 .�i� X X X X X X X X X X X X X X X X X X X X X X X X X X X X X j
jXk S`2 S`Q+2bbBM; X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X j

jXkXR JBbbBM; o�Hm2 AKTmi�iBQM X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X j
jXkXk LQ`K�HBx�iBQM X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X 9

jXkXkXR LQ`K�HBx�iBQM 2z2+i X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X 9
jXkXj PmiHB2` .2i2+iBQM X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X 3

jXj ai�iBbiB+�H �M�HvbBb X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X N
jXjXR lMBp�`B�i2 �M�HvbBb X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Ry

jXjXRXR h@i2bi X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Ry
jXjXRXk qBH+QtQM h2bi X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X RR

jXjXk GBKK� X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X RR
jXjXj JmHiBp�`B�i2 �M�HvbBb X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Rk

jXjXjXR S`BM+BT�H *QKTQM2Mi �M�HvbBb X X X X X X X X X X X X X X X X X X X X X X X X X X Rk
jXjXjXk SGa@.� X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Rj

jXjX9 *Q``2H�iBQM �M�HvbBb X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X R8
jXjX8 G�bbQ- _B/;2 �M/ 1H�biB+M2i X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Re
jXjXe _�M/QK 6Q`2bi X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Rd

9 a2bbBQM AM7Q`K�iBQM RN

R
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_272`2M+2b ky
*QKTBH2/ /�i2, kykR@y8@jR
G�bi 2/Bi2/, kykR@y9@R8
GB+2Mb2, :SG@j

R AMbi�HH�iBQM

_mM i?2 7QHHQrBM; +Q/2 iQ BMbi�HH i?2 "BQ+QM/m+iQ` p2`bBQM Q7 T�+F�;2X

O BMbi�HHXT�+F�;2bU]"BQ+J�M�;2`]V
"BQ+J�M�;2`,,BMbi�HHU]SPJ�]V

k GQ�/ SPJ�

HB#`�`vUSPJ�V

uQm +�M �HbQ HQ�/ bQK2 �//BiBQM�H T�+F�;2b i?�i rBHH #2 p2`v mb27mH BM i?Bb pB;M2ii2X

HB#`�`vU;;THQikV
HB#`�`vU;;`�T?V
HB#`�`vUTHQiHvV

j h?2 SPJ� qQ`F~Qr

SPJ� 7mM+iBQMb +�M #2 /BpB/2/ BM i?`22 b2[m2MiB�H r2HH b2T�`�i2/ #HQ+Fb, .�i� S`2T�`�iBQM- S`2@
T`Q+2bbBM; �M/ ai�iBbiB+�H �M�HvbBbX

jXR .�i� S`2T�`�iBQM

h?2 JaM#�b2 "BQ+QM/m+iQ` T�+F�;2 T`QpB/2b � r2HH /2}M2/ +QKTmi�iBQM�H /�i� bi`m+im`2b iQ `2T`2b2Mi K�bb
bT2+i`QK2i`v UJaV 2tT2`BK2Mi /�i� ivT2b U:�iiQ �M/ GBHH2v kyRkVU>m#2` 2i �HX kyR8VX aBM+2 /�i� bi`m+im`2b
+�M K2�M � K�`F2/ BKT`Qp2K2Mi BM /�i� �M�HvbBb- SPJ� 7mM+iBQMb mb2 JaMa2i Q#D2+ib 7`QK JaM#�b2
T�+F�;2- �HHQrBM; i?2 `2mb�#BHBiv Q7 2tBbiBM; K2i?Q/b 7Q` i?Bb +H�bb �M/ +QMi`B#miBM; iQ i?2 BKT`Qp2K2Mi Q7
`Q#mbi �M/ `2T`Q/m+B#H2 rQ`F~QrbX
h?2 }`bi bi2T Q7 rQ`F~Qr rBHH #2 HQ�/ Q` +`2�i2 �M JaM#�b2,,JaMa2iUV Q#D2+iX P7i2M- vQm rBHH ?�p2 vQm`
/�i� biQ`2/ BM b2T�`�i2/ K�i`Bt �M/fQ` /�i� 7`�K2b �M/ vQm rBHH ?�p2 iQ +`2�i2 vQm` QrM JaMa2i Q#D2+iX
SQK�JaMa2i*H�bb 7mM+iBQM K�F2b i?Bb bi2T 7�bi �M/ 2�bv #mBH/BM; i?Bb JaMa2i Q#D2+i 7`QK vQm` BM/2T2M/2Mi
}H2bX

O +`2�i2 �M JaMa2i Q#D2+i 7`QK irQ b2T�`�i2/ /�i� 7`�K2b
i�`;2i I@ `2�/`,,`2�/n+bpU]vQm`ni�`;2iX+bp]V
72�im`2b I@ `2�/`,,`2�/n+bpU]vQm`n72�im`2bX+bp]V

/�i� I@ SQK�JaMa2i*H�bbUi�`;2i 4 i�`;2i- 72�im`2b 4 72�im`2bV

k
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�Hi2`M�iBp2Hv- B7 vQm` /�i� Bb �H`2�/v biQ`2/ BM � JaMa2i Q#D2+i- vQm +�M bFBT i?Bb bi2T �M/ ;Q /B`2+iHv iQ i?2
S`2@T`Q+2bbBM; bi2TX AM i?Bb pB;M2ii2 r2 rBHH mb2 i?2 2t�KTH2 /�i� T`QpB/2/ BM i?2 T�+F�;2X

O HQ�/ 2t�KTH2 /�i�
/�i�U]biyyyjje]V
biyyyjje
= JaMa2i UbiQ`�;2JQ/2, HQ+F2/1MpB`QMK2MiV
= �bb�v.�i�, jR 72�im`2b- 8d b�KTH2b
= 2H2K2Mi M�K2b, 2tT`b
= T`QiQ+QH.�i�, MQM2
= T?2MQ.�i�
= b�KTH2L�K2b, .J.yy9XRXlyk .J.yy8XRXlyk XXX .J.RdjXRXlyk U8d iQi�HV
= p�`G�#2Hb, ;`QmT bi2`QB/b
= p�`J2i�/�i�, H�#2H.2b+`BTiBQM
= 72�im`2.�i�, MQM2
= 2tT2`BK2Mi.�i�, mb2 ^2tT2`BK2Mi.�i�UQ#D2+iV^
= �MMQi�iBQM,
= @ @ @ S`Q+2bbBM; BM7Q`K�iBQM @ @ @
= JaM#�b2 p2`bBQM, kXRkXy

jXRXR "`B27 .2b+`BTiBQM Q7 1t�KTH2 .�i�

h?Bb 2t�KTH2 /�i� Bb +QKTQb2/ Q7 8d b�KTH2b- jR K2i�#QHBi2b- R +Qp�`B�i2 �M/ k 2tT2`BK2Mi�H ;`QmTb U*QMi`QHb
�M/ .J.V 7`QK � i�`;2i2/ G*fJa bim/vX
.m+?2MM2 Jmb+mH�` .vbi`QT?v U.J.V Bb �M s@HBMF2/ `2+2bbBp2 7Q`K Q7 Kmb+mH�` /vbi`QT?v i?�i �z2+ib K�H2b
pB� � Kmi�iBQM BM i?2 ;2M2 7Q` i?2 Kmb+H2 T`Qi2BM- /vbi`QT?BMX S`Q;`2bbBQM Q7 i?2 /Bb2�b2 `2bmHib BM b2p2`2
Kmb+H2 HQbb- mHiBK�i2Hv H2�/BM; iQ T�`�HvbBb �M/ /2�i?X ai2`QB/ i?2`�Tv ?�b #22M � +QKKQMHv 2KTHQv2/ K2i?Q/
7Q` `2/m+BM; i?2 b2p2`Biv Q7 bvKTiQKbX h?Bb bim/v �BKb iQ [m�MiB7v i?2 m`BM2 H2p2Hb Q7 �KBMQ �+B/b �M/
Q`;�MB+ �+B/b BM T�iB2Mib rBi? .J. #Qi? rBi? �M/ rBi?Qmi bi2`QB/ i`2�iK2MiX h`�+F i?2 T`Q;`2bbBQM Q7 .J.
BM T�iB2Mib r?Q ?�p2 T`QpB/2/ KmHiBTH2 m`BM2 b�KTH2bX
h?Bb /�i� r�b +QHH2+i2/ 7`QK ?2`2X

jXk S`2 S`Q+2bbBM;

h?Bb Bb � +`BiB+�H TQBMi BM i?2 rQ`F~Qr #2+�mb2 �HH }M�H bi�iBbiB+�H `2bmHib rBHH /2T2M/ QM i?2 /2+BbBQMb K�/2
?2`2X �;�BM- i?Bb #HQ+F +�M #2 /BpB/2/ BM j bi2Tb, JBbbBM; o�Hm2 AKTmi�iBQM- LQ`K�HBx�iBQM �M/
PmiHB2` .2i2+iBQMX

jXkXR JBbbBM; o�Hm2 AKTmi�iBQM

P7i2M- /m2 iQ #BQHQ;B+�H �M/ i2+?MB+�H `2�bQMb- bQK2 72�im`2b +�M MQi #2 B/2MiB}2/ Q` [m�MiB}2/ BM bQK2
b�KTH2b BM Ja U�`KBi�;2 2i �HX kyR8VX SPJ� Qz2`b d /Bz2`2Mi BKTmi�iBQM K2i?Q/b iQ /2�H rBi? i?Bb
bBim�iBQMX Cmbi `mM i?2 7QHHQrBM; HBM2 Q7 +Q/2 iQ BKTmi2 vQm` KBbbBM;b5

BKTmi2/ I@ SQK�AKTmi2Ubiyyyjje- w2`Qb�bL� 4 h_l1- _2KQp2L� 4 h_l1- +miQ77 4 ky- K2i?Q/ 4 ]FMM]V
BKTmi2/
= JaMa2i UbiQ`�;2JQ/2, HQ+F2/1MpB`QMK2MiV
= �bb�v.�i�, jy 72�im`2b- 8d b�KTH2b
= 2H2K2Mi M�K2b, 2tT`b
= T`QiQ+QH.�i�, MQM2

j
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= T?2MQ.�i�
= b�KTH2L�K2b, .J.yy9XRXlyk .J.yy8XRXlyk XXX .J.RdjXRXlyk U8d iQi�HV
= p�`G�#2Hb, ;`QmT bi2`QB/b
= p�`J2i�/�i�, H�#2H.2b+`BTiBQM
= 72�im`2.�i�, MQM2
= 2tT2`BK2Mi.�i�, mb2 ^2tT2`BK2Mi.�i�UQ#D2+iV^
= �MMQi�iBQM,
= @ @ @ S`Q+2bbBM; BM7Q`K�iBQM @ @ @
= AKTmi2/ UFMMV, JQM J�v jR R9,y3,R9 kykR
= JaM#�b2 p2`bBQM, kXReXR

LQi2 i?�i i?2 Q#D2+i ?�b #22M mT/�i2/ rBi? BKTmi�iBQM BM7Q`K�iBQMX

jXkXk LQ`K�HBx�iBQM

h?2 M2ti bi2T Q7 i?Bb #HQ+F Bb i?2 /�i� MQ`K�HBx�iBQMX P7i2M- bQK2 7�+iQ`b +�M BMi`Q/m+2 p�`B�#BHBiv BM bQK2
ivT2b Q7 Ja /�i� ?�pBM; � +`BiB+�H BM~m2M+2 QM i?2 }M�H bi�iBbiB+�H `2bmHib- K�FBM; MQ`K�HBx�iBQM � F2v bi2T
BM i?2 rQ`F~Qr U"2`; 2i �HX kyyeVX �;�BM- SPJ� Qz2`b b2p2`�H K2i?Q/b iQ MQ`K�HBx2 i?2 /�i� #v `mMMBM;
Dmbi i?2 7QHHQrBM; HBM2 Q7 +Q/2,

MQ`K�HBx2/ I@ SQK�LQ`KUBKTmi2/- K2i?Q/ 4 ]HQ;nT�`2iQ]V
MQ`K�HBx2/
= JaMa2i UbiQ`�;2JQ/2, HQ+F2/1MpB`QMK2MiV
= �bb�v.�i�, jy 72�im`2b- 8d b�KTH2b
= 2H2K2Mi M�K2b, 2tT`b
= T`QiQ+QH.�i�, MQM2
= T?2MQ.�i�
= b�KTH2L�K2b, .J.yy9XRXlyk .J.yy8XRXlyk XXX .J.RdjXRXlyk U8d iQi�HV
= p�`G�#2Hb, ;`QmT bi2`QB/b
= p�`J2i�/�i�, H�#2H.2b+`BTiBQM
= 72�im`2.�i�, MQM2
= 2tT2`BK2Mi.�i�, mb2 ^2tT2`BK2Mi.�i�UQ#D2+iV^
= �MMQi�iBQM,
= @ @ @ S`Q+2bbBM; BM7Q`K�iBQM @ @ @
= AKTmi2/ UFMMV, JQM J�v jR R9,y3,R9 kykR
= LQ`K�HBx2/ UHQ;nT�`2iQV, JQM J�v jR R9,y3,R9 kykR
= JaM#�b2 p2`bBQM, kXReXR

LQi2 i?�i i?2 Q#D2+i ?�b #22M mT/�i2/ rBi? MQ`K�HBx�iBQM BM7Q`K�iBQMX

jXkXkXR LQ`K�HBx�iBQM 2z2+i aQK2iBK2b- vQm rBHH #2 BMi2`2bi2/ BM ?Qr i?2 MQ`K�HBx�iBQM T`Q+2bb �z2+i
vQm` /�i�\
hQ �Mbr2` i?Bb [m2biBQM- SPJ� Qz2`b irQ 2tTHQ`�iQ`v 7mM+iBQMb- SQK�"QtTHQib �M/ SQK�.2MbBiv- i?�i
+�M ?2HT iQ mM/2`bi�M/ i?2 MQ`K�HBx�iBQM T`Q+2bbX
SQK�"QtTHQib ;2M2`�i2b #QtTHQib 7Q` �HH b�KTH2b Q` 72�im`2b U/2T2M/BM; QM i?2 ;`QmT 7�+iQ`V Q7 �M JaMa2i
Q#D2+iX >2`2- r2 +�M +QKT�`2 Q#D2+ib #27Q`2 �M/ �7i2` MQ`K�HBx�iBQM bi2TX

SQK�"QtTHQibUBKTmi2/- ;`QmT 4 ]b�KTH2b]- DBii2` 4 6�Ga1V Y
;;iBiH2U]LQi LQ`K�HBx2/]V Y
i?2K2UH2;2M/XTQbBiBQM 4 ]MQM2]V O /�i� #27Q`2 MQ`K�HBx�iBQM
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T`Q+2bbX
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;;iBiH2U]LQi LQ`K�HBx2/]V Y
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jXkXj PmiHB2` .2i2+iBQM

6BM�HHv- i?2 H�bi bi2T Q7 i?Bb #HQ+F Bb i?2 PmiHB2` .2i2+iBQMX PmiH2`b �`2 /2}M2/ �b Q#b2`p�iBQMb i?�i �`2 MQi
+QM+Q`/�Mi rBi? i?Qb2 Q7 i?2 p�bi K�DQ`Biv Q7 i?2 `2K�BMBM; /�i� TQBMibX h?2b2 p�Hm2b +�M ?�p2 �M 2MQ`KQmb
BM~m2M+2 QM i?2 `2bmHi�Mi bi�iBbiB+�H �M�HvbBb- #2BM; � /�M;2`Qmb ;`QmM/ 7Q` �HH `2[mB`2/ �bbmKTiBQMb BM i?2
KQbi +QKKQMHv �TTHB2/ T�`�K2i`B+ i2bib BM K�bb bT2+i`QK2i`v �b r2HH �b 7Q` �HH �HbQ `2[mB`2/ �bbmKTiBQMb
BM K�Mv `2;`2bbBQM i2+?MB[m2b �M/ T`2/B+iBp2 KQ/2HBM; �TT`Q�+?2bX SPJ� �HHQrb i?2 �M�HvbBb Q7 QmiHB2`b
�b r2HH �b i?2 TQbbB#BHBiv iQ `2KQp2 i?2K 7`QK i?2 �M�HvbBb mbBM; /Bz2`2Mi KQ/mH�#H2 T�`�K2i2`bX
�M�Hvx2 �M/ `2KQp2 QmiHB2`b `mMMBM; i?2 7QHHQrBM; irQ HBM2b Q7 +Q/2X

SQK�PmiHB2`bUMQ`K�HBx2/- /Q 4 ]�M�Hvx2]V0TQHv;QMnTHQi O iQ 2tTHQ`2

3
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Controls

DMD

T`2nT`Q+2bb2/ I@ SQK�PmiHB2`bUMQ`K�HBx2/- /Q 4 ]+H2�M]V O iQ `2KQp2 QmiHB2`b
T`2nT`Q+2bb2/
= JaMa2i UbiQ`�;2JQ/2, HQ+F2/1MpB`QMK2MiV
= �bb�v.�i�, jy 72�im`2b- 8y b�KTH2b
= 2H2K2Mi M�K2b, 2tT`b
= T`QiQ+QH.�i�, MQM2
= T?2MQ.�i�
= b�KTH2L�K2b, .J.yy9XRXlyk .J.yy8XRXlyk XXX .J.RdjXRXlyk U8y iQi�HV
= p�`G�#2Hb, ;`QmT bi2`QB/b
= p�`J2i�/�i�, H�#2H.2b+`BTiBQM
= 72�im`2.�i�, MQM2
= 2tT2`BK2Mi.�i�, mb2 ^2tT2`BK2Mi.�i�UQ#D2+iV^
= �MMQi�iBQM,
= @ @ @ S`Q+2bbBM; BM7Q`K�iBQM @ @ @
= AKTmi2/ UFMMV, JQM J�v jR R9,y3,R9 kykR
= LQ`K�HBx2/ UHQ;nT�`2iQV, JQM J�v jR R9,y3,R9 kykR
= PmiHB2`b `2KQp2/ U2m+HB/2�M �M/ K2/B�MV, JQM J�v jR R9,y3,R3 kykR
= JaM#�b2 p2`bBQM, kXReXR

LQi2 i?�i i?2 Q#D2+i ?�b #22M mT/�i2/ rBi? QmiHB2` BM7Q`K�iBQMX

jXj ai�iBbiB+�H �M�HvbBb

PM+2 i?2 /�i� ?�p2 #22M T`2T`Q+2bb2/- vQm +�M bi�`i rBi? i?2 bi�iBbiB+�H �M�HvbBb #HQ+F5 SPJ� Qz2`b
K�Mv /Bz2`2Mi bi�iBbiB+�H K2i?Q/b �M/ TQbbB#H2 +QK#BM�iBQMb iQ +QKTmi2X >Qr2p2`- BM i?Bb pB;M2ii2 r2 rBHH
+QKK2Mi QMHv bQK2 Q7 i?2 KQbi mb2/X

N

196 Chapter 9. Appendix A



jXjXR lMBp�`B�i2 �M�HvbBb

SPJ� �HHQrb vQm iQ T2`7Q`K �HH Q7 i?2 KQbi mb2/ mMBp�`B�i2 bi�iBbiB+�H K2i?Q/b BM Ja #v mbBM; QMHv QM2
7mM+iBQM5 SQK�lMBp�`B�i2 r`�T 9 /Bz2`2Mi mMBp�`B�i2 K2i?Q/b Uii2bi- �LPo� �M/ �L*Po�- qBH+QtQM
i2bi �M/ E`mbF�H@q�HHBb _�MF amK h2biV i?�i vQm +�M T2`7Q`K +?�M;BM; QMHv i?2 ǳK2i?Q/Ǵ �`;mK2MiX

SQK�lMBp�`B�i2UT`2nT`Q+2bb2/- K2i?Q/ 4 ]ii2bi]V W=W
?2�/UV

= K2�Mn*QMi`QHb K2�Mn.J. 6QH/n*?�M;2n_�iBQ
= tRnK2i?vH?BbiB/BM2 @yX9yR3R3k yXReRRk3kR @yX9yR
= tjnK2i?vH?BbiB/BM2 @yX9RN8988 yXRNjy8Rk3 @yX9ey
= �H�MBM2 @yXjRe8988 yXRyN9eR89 @yXj9e
= �`;BMBM2 @yXRR93R3k yXye9y8Rk3 @yX883
= �bT�`�;BM2 @yXj9d8988 yXRkde9Ryj @yXjed
= �bT�`iB+n�+B/ @yXk89kdkd yXy333dRdN @yXj8y
= .B772`2M+2nP7nJ2�Mb Tp�Hm2 Tp�Hm2�/D
= tRnK2i?vH?BbiB/BM2 yX8ej NXjykRkk2@y3 jXRyydyd2@yd
= tjnK2i?vH?BbiB/BM2 yXeRj dX3kkjed2@yj NXyk83y32@yj
= �H�MBM2 yX9ke eXeRddNd2@y9 3XejRNyN2@y9
= �`;BMBM2 yXRdN 9XdNekd82@yR 9XdNekd82@yR
= �bT�`�;BM2 yX9d8 RXkdNd932@y8 kXjNN8k32@y8
= �bT�`iB+n�+B/ yXj9j jXjyk9yk2@yk jX8j3k3d2@yk

jXjXRXR h@i2bi uQm +�M �HbQ +QKTmi2 � pQH+�MQ THQi mbBM; i?2 h@i2bi `2bmHibX LQi2 i?�i r2Ƕ`2 mbBM; i?2
MQM@MQ`K�HBx2/ Q#D2+i iQ �pQB/ M2;�iBp2 p�Hm2b BM Qm` /�i�X

SQK�oQH+�MQUBKTmi2/- Tp�H 4 ]�/Dmbi2/]V
= q�`MBM; BM SQK�oQH+�MQUBKTmi2/- Tp�H 4 ]�/Dmbi2/]V, �/Dmbi �`;mK2Mi Bb 2KTiv5
= 6._ rBHH #2 mb2/

Ry
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SQK�lMBp�`B�i2UT`2nT`Q+2bb2/- K2i?Q/ 4 ]K�MM]V W=W
?2�/UV

= K2�Mn*QMi`QHb K2�Mn.J. 6QH/n*?�M;2n_�iBQ
= tRnK2i?vH?BbiB/BM2 @yX9yR3R3k yXReRRk3kR @yX9yR
= tjnK2i?vH?BbiB/BM2 @yX9RN8988 yXRNjy8Rk3 @yX9ey
= �H�MBM2 @yXjRe8988 yXRyN9eR89 @yXj9e
= �`;BMBM2 @yXRR93R3k yXye9y8Rk3 @yX883
= �bT�`�;BM2 @yXj9d8988 yXRkde9Ryj @yXjed
= �bT�`iB+n�+B/ @yXk89kdkd yXy333dRdN @yXj8y
= .B772`2M+2nP7nJ2�Mb Tp�Hm2 Tp�Hm2�/D
= tRnK2i?vH?BbiB/BM2 yX8ej eXkyejeN2@y8 yXyyyR9jkkjN
= tjnK2i?vH?BbiB/BM2 yXeRj NXN3NkRk2@yj yXyRR8keyRje
= �H�MBM2 yX9ke kXR8kNy32@y9 yXyyy9yjedyk
= �`;BMBM2 yXRdN RX9yy3382@yR yXR99NRNRe8y
= �bT�`�;BM2 yX9d8 kX9e39ed2@y9 yXyyy9j8eRR3
= �bT�`iB+n�+B/ yXj9j 8XdyNkde2@yj yXyye38RRjRk

jXjXRXk qBH+QtQM h2bi

jXjXk GBKK�

Pi?2` Q7 i?2 rB/2 mb2/ bi�iBbiB+�H K2i?Q/b BM K�Mv /Bz2`2Mi QKB+b- bm+? �b 2TB;2MQKB+b Q` i`�Mb+`BTiQKB+b-
Bb HBKK� U_Bi+?B2 2i �HX kyR8VX SPJ� T`QpB/2b �M 2�bv mb2 BKTH2K2Mi�iBQM Q7 HBKK� vQm QMHv ?�p2 iQ

RR
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bT2+B7v i?2 /2bB`2/ +QMi`�bi iQ +QKTmi2X

SQK�GBKK�UT`2nT`Q+2bb2/- +QMi`�bi 4 ]*QMi`QHb@.J.]- �/Dmbi 4 ]7/`]V W=W
?2�/UV

= HQ;6* �p21tT` i SXo�Hm2 �/DXSXo�H "
= i`vTiQT?�M @yXdd9Nkyd yXyy3ek @dXyye8e3 kXeNR9j32@yN 3Xyd9jR82@y3 RyXN3kyy8
= p�HBM2 @yXdyyN33j yXyRke3 @eXejRjj9 RXR88y8R2@y3 RXdjk8de2@yd NX88jNky
= Q`MBi?BM2 @yXejkd3yN yXyjjee @eXkek89N 9XdN9kNk2@y3 9XdN9kNk2@yd 3XRey83N
= BbQH2m+BM2 @yXey83938 yXyy9j3 @8XN93N39 RX8NRNN92@yd RXRNjNN82@ye eXN3ddRe
= H�+i�i2 @yXd38jeRj yXyR39y @8Xe3dRkk 9XkNekeR2@yd kX8ddd8d2@ye eXyRNk8k
= Tv`mp�i2 @yXek99eR8 yXyRky3 @8X9jkk8e RXRRd9982@ye 8XRj8y8N2@ye 8Xy3388k

jXjXj JmHiBp�`B�i2 �M�HvbBb

PM i?2 Qi?2` ?�M/- KmHiBp�`B�i2 �M�HvbBb BKTH2K2Mi2/ BM SPJ� Bb [mBi2 bBKBH�` iQ i?2 mMBp�`B�i2 �TT`Q�+?2bX
SQK�JmHiBp�`B�i2 �HHQrb mb2`b iQ +QKTmi2 � S*�- SGa@.� Q` bSGa@.� #v +?�M;BM; QMHv i?2 ǳK2i?Q/Ǵ
T�`�K2i2`X h?Bb 7mM+iBQM Bb #�b2/ QM KBtPKB+b T�+F�;2 U_Q?�`i 2i �HX kyRdVX

TQK�nT+� I@ SQK�JmHiBp�`B�i2UT`2nT`Q+2bb2/- K2i?Q/ 4 ]T+�]V

TQK�nT+�0b+Q`2bTHQi Y
;;iBiH2U]a+Q`2b SHQi]V

jXjXjXR S`BM+BT�H *QKTQM2Mi �M�HvbBb

Rk
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jXjX9 *Q``2H�iBQM �M�HvbBb

P7i2M- +Q``2H�iBQM �M�HvbBb Bb mb2/ iQ 2tTHQ`2 �M/ /Bb+Qp2` `2H�iBQMb?BTb �M/ T�ii2`Mb rBi?BM Qm` /�i�X
SQK�*Q`` T`QpB/2b � ~2tB#H2 �M/ 2�bv r�v iQ /Q i?�i T`QpB/BM; � i�#H2 rBi? �HH T�B`rBb2 +Q``2H�iBQMb BM
i?2 /�i�- � +Q``2HQ;`�K �M/ � +Q``2H�iBQM ;`�T?X

TQK�n+Q` I@ SQK�*Q``UT`2nT`Q+2bb2/- H�#2HnbBx2 4 3- +Q277 4 yXeV
TQK�n+Q`0+Q``2H�iBQMb W=W ?2�/UV
= o�`R o�`k +Q``
= j9R BbQH2m+BM2 H2m+BM2 yXNejR98e
= e9k H2m+BM2 p�HBM2 yXN9y8jNk
= 3je 7mK�`�i2 K�H�i2 yXNjN3eej
= e9R BbQH2m+BM2 p�HBM2 yXNjd3RkN
= 898 �bT�`�;BM2 i?`2QMBM2 yXNyedek8
= 883 b2`BM2 i?`2QMBM2 yX3NjRR3d
TQK�n+Q`0+Q``THQi

R8
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�Hi2`M�iBp2Hv- B7 vQm brBi+? i?2 ǳ+Q``nivT2Ǵ T�`�K2i2` iQ ǳ;H�bbQǴ- i?Bb 7mM+iBQM rBHH +QKTmi2 � :�mbbB�M
:`�T?B+�H JQ/2H mbBM; i?2 ;HKM2i T�+F�;2 U6`B2/K�M- >�biB2- �M/ hB#b?B`�MB kyRNVX

SQK�*Q``UT`2nT`Q+2bb2/- +Q``nivT2 4 ];H�bbQ]- +Q277 4 yXeV0;`�T?

jXjX8 G�bbQ- _B/;2 �M/ 1H�biB+M2i

SPJ� �HbQ T`QpB/2b � 7mM+iBQM iQ T2`7Q`K � G�bbQ- _B/;2 �M/ 1H�biB+M2i `2;`2bbBQM 7Q` #BM�`v Qmi+QK2b
BM � p2`v BMimBiBp2 �M/ 2�bv r�vX SQK�G�bbQ Bb #�b2/ QM ;HKM2i T�+F�;2 U6`B2/K�M- >�biB2- �M/ hB#b?B`�MB
kyRyVX h?Bb 7mM+iBQM �HHQrb vQm iQ +`2�i2 � i2bi bm#b2i BM vQm` /�i�- 2p�Hm�i2 i?2 T`2/B+iBQM Q7 vQm` KQ/2Hb
�M/ 2tTQ`i i?2 KQ/2H +QKTmi2/ UBi +QmH/ #2 mb27mH iQ T2`7Q`K T`2/B+iBQM KQ/2Hb rBi? Ja /�i�VX A7 ǳMi2biǴ
T�`�K2i2` Bb b2i iQ LlGG- SQK�G�bbQ rBHH mb2 �HH Q#b2`p�iBQMb iQ +`2�i2 i?2 KQ/2H Umb27mH 7Q` 72�im`2
b2H2+iBQMVX

O �HT?� 4 R 7Q` G�bbQ
SQK�G�bbQUT`2nT`Q+2bb2/- �HT?� 4 R- H�#2Hb 4 h_l1V0+Q277B+B2MiSHQi
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6Q`2bi T�+F�;2 UGB�r �M/ qB2M2` kyykV iQ 7�+BHBi�i2 i?2 BKTH2K2Mi�iBQM Q7 i?2 �H;Q`Bi?K �M/ +`2�i2b
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tyrosine
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tryptophan
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0.0 0.5 1.0 1.5
MeanDecreaseGini

9 a2bbBQM AM7Q`K�iBQM

b2bbBQMAM7QUV
= _ p2`bBQM 9XyXk Ukyky@ye@kkV
= SH�i7Q`K, t3ene9@�TTH2@/�`rBMRdXy Ue9@#BiV
= _mMMBM; mM/2`, K�+Pa RyXRe
=
= J�i`Bt T`Q/m+ib, /27�mHi
= "G�a, fGB#`�`vf6`�K2rQ`Fbf_X7`�K2rQ`Ffo2`bBQMbf9Xyf_2bQm`+2bfHB#fHB#_#H�bX/vHB#
= G�S�*E, fGB#`�`vf6`�K2rQ`Fbf_X7`�K2rQ`Ffo2`bBQMbf9Xyf_2bQm`+2bfHB#fHB#_H�T�+FX/vHB#
=
= HQ+�H2,
= (R) 2bn1aXlh6@3f2bn1aXlh6@3f2bn1aXlh6@3f*f2bn1aXlh6@3f2bn1aXlh6@3
=
= �ii�+?2/ #�b2 T�+F�;2b,
= (R) bi�ib ;`�T?B+b ;`.2pB+2b miBHb /�i�b2ib K2i?Q/b #�b2
=
= Qi?2` �ii�+?2/ T�+F�;2b,
= (R) THQiHvn9XNXj ;;`�T?nkXyX8 ;;THQiknjXjXj SPJ�nRXRXRj
=
= HQ�/2/ pB� � M�K2bT�+2 U�M/ MQi �ii�+?2/V,
= (R) #�+FTQ`ibnRXkXR +B`+HBx2nyX9XRk THv`nRX3Xe
= (9) B;`�T?nRXkXe H�xv2p�HnyXkXk bTHBM2bn9XyXk
= (d) ;KTnyXe@k "BQ+S�`�HH2HnRXk9XR /B;2binyXeXkd

RN
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= (Ry) 7Q`2�+?nRX8XR ?iKHiQQHbnyX8XRXR pB`B/BbnyXeXR
= (Rj) 7�MbBnyX9Xk K�;`Bii`nkXyXR +Hmbi2`nkXRXk
= (Re) /QS�`�HH2HnRXyXRe HBKK�njX9eXy `2+BT2bnyXRXRe
= (RN) *QKTH2t>2�iK�TnkXeXk ;`�T?H�vQmibnyXdXR ;Qr2`nyXkXk
= (kk) K�i`Btai�ibnyX83Xy `�_S�*EnyXRR@y +QHQ`bT�+2nkXy@R
= (k8) ;;`2T2HnyXNXR t7mMnyXkk /THv`nRXyXe
= (k3) DbQMHBi2nRXdXk +`�vQMnRX9XR BKTmi2nRXe9Xy
= (jR) bm`pBp�HnjXk@RR Bi2`�iQ`bnRXyXRj ;Hm2nRX9Xk
= (j9) TQHv+HBTnRXRy@y ;i�#H2nyXjXy BT`2/nyXN@RR
= (jd) xHB##BQ+nRXjeXy :2iQTiGQM;nRXyX8 _�MFS`Q/njXReXy
= (9y) b?�T2nRX9X8 _KT7`nyX3@9 "BQ+:2M2`B+bnyXjeXR
= (9j) b+�H2bnRXRXR pbMnjX83Xy ."AnRXRXR
= (9e) _+TTnRXyXe Kx_nkXk9XR pB`B/BbGBi2nyX9Xy
= (9N) +Hm2nyXj@8N T`QtvnyX9@k8 T`2T`Q+2bb*Q`2nRX8kXR
= (8k) +HBbvK#QHbnRXkXy bi�ib9n9XyXk H�p�nRXeXN
= (88) T`Q/HBKnkyRNXRRXRj ;HKM2in9XR@R ?ii`nRX9Xk
= (83) ?iKHrB/;2ibnRX8Xj _*QHQ`"`2r2`nRXR@k 2HHBTbBbnyXjXk
= (eR) TF;+QM7B;nkXyXj sJGnjXNN@yXe 7�`p2`nkXRXy
= (e9) MM2indXj@Re mi73nRXkXR +�`2ineXy@3e
= (ed) H�#2HBM;nyX9Xk iB/vb2H2+inRXRXR `H�M;nyX9XRR
= (dy) `2b?�T2knRX9X9 ;;+Q``THQinyXRXj KmMb2HHnyX8Xy
= (dj) iQQHbn9XyXk ;2M2`B+bnyXRXy #`QQKnyXdXe
= (de) 2p�Hm�i2nyXR9 bi`BM;`nRX9Xy KxA.nRXk3Xy
= (dN) v�KHnkXkXR JQ/2HJ2i`B+bnRXkXkXk FMBi`nRXjj
= (3k) iB/v;`�T?nRXkXy Tm```nyXjX9 `�M/QK6Q`2bin9Xe@R9
= (38) M+/79nRXRd ;H�bbQnRXRR MHK2njXR@R8k
= (33) +QKTBH2`n9XyXk TM;nyXR@d 2RydRnRXd@e
= (NR) �77vBQnRXeyXy iB##H2njXRXR ir22M`nRXyXk
= (N9) bi`BM;BnRXeXR ?B;?`nyXN _aT2+i`�nyXRe@y
= (Nd) JaM#�b2nkXReXR H�iiB+2nyXky@99 S`Qi:2M2`B+bnRXkkXy
= (Ryy) J�i`BtnRXj@k p2;�MnkX8@d T2`Kmi2nyXN@8
= (Ryj) p+i`bnyXjX3 TBHH�`nRXeXy HB72+v+H2nRXyXy
= (Rye) "BQ+J�M�;2`nRXjyXRk J�G.A[m�MinRXRNXj :HQ#�HPTiBQMbnyXRXk
= (RyN) /�i�Xi�#H2nRXR9Xy +Q`T+Q`nRXeXN T�i+?rQ`FnRXRXR
= (RRk) _enkX8Xy T+�J2i?Q/bnRX3kXy �77vnRXe3Xy
= (RR8) ;`B/1ti`�nkXj A_�M;2bnkXk9XR +Q/2iQQHbnyXk@R3
= (RR3) J�aandXj@89 �bb2`ii?�inyXkXR `DbQMnyXkXky
= (RkR) rBi?`nkX9Xk a9o2+iQ`bnyXk3XR K;+pnRX3@j8
= (Rk9) T�`�HH2Hn9XyXk KBtPKB+bneXR9XR ;`B/n9XyXk
= (Rkd) `T�`in9XR@R8 iBK2.�i2njy9jXRyk iB/v`nRXRXj
= (Rjy) +H�bbndXj@RN `K�`F/QrMnkXd *�B`QnRX8@RkXk
= (Rjj) ;;7Q`+2nyXjXj T_P*nRXRdXyXR "BQ#�b2nkX8yXy
= (Rje) Hm#`B/�i2nRXdXRy 2HHBTb2nyX9Xk

_272`2M+2b

�`KBi�;2- 1KBHv :`�+2- CQ�MM� :Q/xB2M- o�M2b� �HQMbQ@>2``�Mx- �M;2H2b GƦT2x@:QMx�Hp2x- �M/ *Q`�H
"�`#�bX kyR8X ǳJBbbBM; o�Hm2 AKTmi�iBQM ai`�i2;B2b 7Q` J2i�#QHQKB+b .�i�XǴ 1H2+i`QT?Q`2bBb je Uk9V,
jy8yĜeyX
"2`;- _Q#2`i � p�M /2M- >mm# *C >Q27bHQQi- CQ?�M � q2bi2`?mBb- �;2 E aKBH/2- �M/ J�`Bďi C p�M /2`
q2`7X kyyeX ǳ*2Mi2`BM;- a+�HBM;- �M/ h`�Mb7Q`K�iBQMb, AKT`QpBM; i?2 "BQHQ;B+�H AM7Q`K�iBQM *QMi2Mi Q7

ky
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J2i�#QHQKB+b .�i�XǴ "J* :2MQKB+b d URV, R9kX
6`B2/K�M- C2`QK2- h`2pQ` >�biB2- �M/ _Q# hB#b?B`�MBX kyRNX :H�bbQ, :`�T?B+�H G�bbQ, 1biBK�iBQM Q7
:�mbbB�M :`�T?B+�H JQ/2HbX ?iiTb,ff*_�LX_@T`QD2+iXQ`;fT�+F�;24;H�bbQX
6`B2/K�M- C2`QK2- h`2pQ` >�biB2- �M/ _Q#2`i hB#b?B`�MBX kyRyX ǳ_2;mH�`Bx�iBQM S�i?b 7Q` :2M2`�HBx2/
GBM2�` JQ/2Hb pB� *QQ`/BM�i2 .2b+2MiXǴ CQm`M�H Q7 ai�iBbiB+�H aQ7ir�`2 jj URV, RĜkkX ?iiT,ffrrrXDbi�ibQ7iX
Q`;fpjjfByRfX
:�iiQ- G�m`2Mi- �M/ E�i?`vM GBHH2vX kyRkX ǳJaM#�b2 @ �M _f"BQ+QM/m+iQ` S�+F�;2 7Q` AbQ#�`B+ h�;;2/
J�bb aT2+i`QK2i`v .�i� oBbm�HBx�iBQM- S`Q+2bbBM; �M/ Zm�MiBi�iBQMXǴ "BQBM7Q`K�iB+b k3, k33Ĝ3NX
>m#2`- qX- oX CX *�`2v- _X :2MiH2K�M- aX �M/2`b- JX *�`HbQM- "X aX *�`p�H?Q- >X *X "`�pQ- 2i �HX kyR8X
ǳP`+?2bi`�iBM; >B;?@h?`Qm;?Tmi :2MQKB+ �M�HvbBb rBi? "BQ+QM/m+iQ`XǴ L�im`2 J2i?Q/b Rk UkV, RR8ĜkRX
?iiT,ffrrrXM�im`2X+QKfMK2i?fDQm`M�HfpRkfMkf7mHHfMK2i?Xjk8kX?iKHX
GB�r- �M/v- �M/ J�ii?2r qB2M2`X kyykX ǳ*H�bbB}+�iBQM �M/ _2;`2bbBQM #v `�M/QK6Q`2biXǴ _ L2rb k UjV,
R3ĜkkX ?iiTb,ff*_�LX_@T`QD2+iXQ`;f/Q+f_M2rbfX
_Bi+?B2- J�ii?2r 1- "2HBM/� S?BTbQM- .B qm- uB7�M; >m- *?�`Biv q G�r- q2B a?B- �M/ :Q`/QM E aKvi?X
kyR8X ǳHBKK� SQr2`b .Bz2`2MiB�H 1tT`2bbBQM �M�Hvb2b 7Q` _L�@a2[m2M+BM; �M/ JB+`Q�``�v aim/B2bXǴ Lm+H2B+
�+B/b _2b2�`+? 9j UdV, 29dX ?iiTb,ff/QBXQ`;fRyXRyNjfM�`f;FpyydX
_Q?�`i- 6HQ`B�M- "2MQŗi :�miB2`- �K`Bi aBM;?- �M/ EBK@�M? Gā *�QX kyRdX ǳJBtPKB+b, �M _ S�+F�;2 7Q`
ǶPKB+b 62�im`2 a2H2+iBQM �M/ JmHiBTH2 .�i� AMi2;`�iBQMXǴ SGQa *QKTmi�iBQM�H "BQHQ;v Rj URRV, 2Ryy8d8kX
?iiT,ffrrrXKBtPKB+bXQ`;X

kR
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lb2 +�b2, G*@Ja "�b2/ �TT`Q�+?2b iQ AMp2biB;�i2 J2i�#QHQKB+
.Bz2`2M+2b BM i?2 l`BM2 Q7 uQmM; qQK2M �7i2` .`BMFBM; *`�M#2``v

CmB+2 Q` �TTH2 CmB+2

SQH *�bi2HH�MQ@1b+m/2`- *`BbiBM� �M/`ûb@G�+m2p� �M/ �H2t a�M+?2x@SH�

J�v- kykR

*QMi2Mib

R AMbi�HH�iBQM k

k GQ�/ T�+F�;2b k

j .QrMHQ�/ i?2 /�i� 7`QK J2i�#QHQKB+b qQ`F#2M+? k
jXR amK�`v Q7 i?2 bim/v UahyyykNRV X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X j
jXk .QrMHQ�/ /�i� X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X j
jXj a+`�TBM; K2i�#QHBi2 M�K2b �M/ B/2MiB}2`b rBi? `p2bi X X X X X X X X X X X X X X X X X X X X X X j

9 S`2T�`2 72�im`2b �M/ K2i�/�i� 8

8 ai�iBbiB+�H �M�HvbBb rBi? SPJ� e
8XR *`2�i2 � JaM#�b2,,JaMa2i Q#D2+i X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X e
8Xk S`2T`Q+2bbBM; X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X e
8Xj GBKK� KQ/2H X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X e

e *QMp2`i Sm#*?2K A.b iQ 6P"A A.b e

d 1M`B+?K2Mi �M�HvbBb d
dXR Pp2` `2T`2b2Mi�iBQM �M�HvbBb UP_�V X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X 3
dXk Ja1� X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X 3

dXkXR Ja1� THQi rBi? ;;THQik X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X Ry
dXkXk L2irQ`F Q7 K2i�#QHBi2b 7QmM/ BM Ja1� X X X X X X X X X X X X X X X X X X X X X X X X X X RR

3 GBKBi�iBQMb Rk

N a2bbBQM AM7Q`K�iBQM Rk

R
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_272`2M+2b R8
GB+2Mb2, :SG@j

R AMbi�HH�iBQM

_mM i?2 7QHHQrBM; +Q/2 iQ BMbi�HH i?2 "BQ+QM/m+iQ` p2`bBQM Q7 i?2 T�+F�;2X

B7 U5`2[mB`2L�K2bT�+2U]"BQ+J�M�;2`]- [mB2iHv 4 h_l1VV
BMbi�HHXT�+F�;2bU]"BQ+J�M�;2`]V

"BQ+J�M�;2`,,BMbi�HHU]7Q#BiQQHb]V

k GQ�/ T�+F�;2b

HB#`�`vU7Q#BiQQHbV

q2 rBHH �HbQ M22/ bQK2 �//BiBQM�H *_�L �M/ "BQ+QM/m+iQ` T�+F�;2b 7Q` T2`7Q`KBM; i�bFb bm+? �b bi�iBbiB+�H
�M�HvbBb �M/ r2# b+`�TBM;X

O *_�L
HB#`�`vUiB/vp2`b2V
HB#`�`vU`p2biV
HB#`�`vU;;`2T2HV
HB#`�`vUF�#H21ti`�V

O "BQ+QM/m+iQ`
HB#`�`vUSPJ�V
HB#`�`vUK2i�#QHQKB+bqQ`F#2M+?_V
HB#`�`vUamKK�`Bx2/1tT2`BK2MiV

j .QrMHQ�/ i?2 /�i� 7`QK J2i�#QHQKB+b qQ`F#2M+?

h?2 J2i�#QHQKB+b qQ`F#2M+?- �p�BH�#H2 �i rrrXK2i�#QHQKB+brQ`F#2M+?XQ`;- Bb � Tm#HB+ `2TQbBiQ`v 7Q`
K2i�#QHQKB+b K2i�/�i� �M/ 2tT2`BK2Mi�H /�i� bT�MMBM; p�`BQmb bT2+B2b �M/ 2tT2`BK2Mi�H TH�i7Q`Kb- K2i�#Q@
HBi2 bi�M/�`/b- K2i�#QHBi2 bi`m+im`2b- T`QiQ+QHb- imiQ`B�Hb- �M/ i`�BMBM; K�i2`B�H �M/ Qi?2` 2/m+�iBQM�H `2@
bQm`+2bX Ai T`QpB/2b � +QKTmi�iBQM�H TH�i7Q`K iQ BMi2;`�i2- �M�Hvx2- i`�+F- /2TQbBi �M/ /Bbb2KBM�i2 H�`;2
pQHmK2b Q7 ?2i2`Q;2M2Qmb /�i� 7`QK � rB/2 p�`B2iv Q7 K2i�#QHQKB+b bim/B2b BM+Hm/BM; K�bb bT2+i`QK2i`v
UJaV �M/ Mm+H2�` K�;M2iB+ `2bQM�M+2 bT2+i`QK2i`v ULJ_V /�i� bT�MMBM; Qp2` ky /Bz2`2Mi bT2+B2b +Qp2`BM;
�HH i?2 K�DQ` i�tQMQKB+ +�i2;Q`B2b BM+Hm/BM; ?mK�Mb �M/ Qi?2` K�KK�Hb- TH�Mib- BMb2+ib- BMp2`i2#`�i2b �M/
KB+`QQ`;�MBbKb Uam/ 2i �HX kyReVX
h?2 K2i�#QHQKB+bqQ`F#2M+?_ "BQ+QM/m+iQ` T�+F�;2 �HHQrb mb iQ Q#i�BM /�i� 7`QK i?2 J2i�#QHQKB+b qQ`F@
#2M+? `2TQbBiQ`vX AM i?Bb pB;M2ii2 r2 rBHH mb2 i?2 b�KTH2 /�i� b2i ahyyykNRX

k
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jXR amK�`v Q7 i?2 bim/v UahyyykNRV

1B;?i22M ?2�Hi?v 72K�H2 +QHH2;2 bim/2Mib #2ir22M kR@kN v2�`b QH/ rBi? � MQ`K�H "JA Q7 R3X8@k8 r2`2 `2+`mBi2/X
1�+? bm#D2+i r�b T`QpB/2/ rBi? � HBbi Q7 7QQ/b i?�i +QMi�BM2/ bB;MB}+�Mi �KQmMi Q7 T`Q+v�MB/BMb- bm+? �b
+`�M#2``B2b- �TTH2b- ;`�T2b- #Hm2#2``B2b- +?Q+QH�i2 �M/ THmKbX h?2v r2`2 �/pBb2/ iQ �pQB/ i?2b2
7QQ/b /m`BM; i?2 R@ei? /�v �M/ i?2 `2bi Q7 i?2 bim/vX PM i?2 KQ`MBM; Q7 i?2 di? /�v- � }`bi@KQ`MBM; #�b2HBM2
m`BM2 b�KTH2 �M/ #HQQ/ b�KTH2 r2`2 +QHH2+i2/ 7`QK �HH ?mK�M bm#D2+ib �7i2` Qp2`MB;?i 7�biBM;X S�`iB+BT�Mib
r2`2 i?2M `�M/QKHv �HHQ+�i2/ BMiQ irQ ;`QmTb UM4NV iQ +QMbmK2 +`�M#2``v DmB+2 Q` �TTH2 DmB+2X
aBt #QiiH2b Uk8y KHf#QiiH2V Q7 DmB+2 r2`2 ;Bp2M iQ T�`iB+BT�Mib iQ /`BMF BM i?2 KQ`MBM; �M/ 2p2MBM; Q7 i?2 di?-
3i?- �M/ Ni? /�vX PM i?2 KQ`MBM; Q7 Ryi? /�v- �HH bm#D2+ib `2im`M2/ iQ i?2 +HBMB+�H mMBi iQ T`QpB/2 � }`bi@
KQ`MBM; m`BM2 b�KTH2 �7i2` Qp2`MB;?i 7�biBM;X h?2 #HQQ/ b�KTH2 r�b �HbQ +QHH2+i2/ 7`QK T�`iB+BT�Mib jy KBM
H�i2` �7i2` i?2v /`�MF �MQi?2` #QiiH2 Q7 DmB+2 BM i?2 KQ`MBM;X �7i2` irQ@r22Fb Q7 r�b? Qmi T2`BQ/- T�`iB+BT�Mib
brBi+?2/ iQ i?2 �Hi2`M�iBp2 `2;BK2M �M/ `2T2�i2/ i?2 T`QiQ+QHX PM2 ?mK�M bm#D2+i r�b /`QTT2/ Qz i?Bb
bim/v #2+�mb2 b?2 KBbb2/ T�`i Q7 ?2` �TTQBMiK2MibX �MQi?2` irQ ?mK�M bm#D2+ib r2`2 `2KQp2/ 7`QK m`BM2
K2i�#QHQKB+b �M�Hvb2b #2+�mb2 i?2v 7�BH2/ iQ T`QpB/2 `2[mB`2/ m`BM2 b�KTH2b �7i2` DmB+2 /`BMFBM;Xh?2 T`2b2Mi
bim/v �BK2/ iQ BMp2biB;�i2 Qp2`�HH K2i�#QHB+ +?�M;2b +�mb2/ #v T`Q+v�MB/BMb +QM+2Mi`�i2b 7`QK +`�M#2``B2b
�M/ �TTH2b mbBM; � ;HQ#�H G*Ja #�b2/ K2i�#QHQKB+b �TT`Q�+?X �HH TH�bK� �M/ m`BM2 b�KTH2b r2`2 biQ`2/
�i @3yǞ* mMiBH �M�HvbBbX

jXk .QrMHQ�/ /�i�

h?Bb bim/v Bb +QKTQb2/ Q7 irQ +QKTH2K2Mi�`v Ja �M�Hvb2b- i?2 TQbBiBp2 KQ/2 U�Lyyy9e9V �M/ i?2 M2;�iBp2
KQ/2 U�Lyyy9e8VX G2iǶb /QrMHQ�/ i?2K #Qi?5

/�i�nM2;�iBp2nKQ/2 I@ /Qn[m2`vU
+QMi2ti 4 ]bim/v]-
BMTminBi2K 4 ]�M�HvbBbnB/]-
BMTminp�Hm2 4 ]�Lyyy9e8]-
QmiTminBi2K 4 ]amKK�`Bx2/1tT2`BK2Mi]V

/�i�nTQbBiBp2nKQ/2 I@ /Qn[m2`vU
+QMi2ti 4 ]bim/v]-
BMTminBi2K 4 ]�M�HvbBbnB/]-
BMTminp�Hm2 4 ]�Lyyy9e9]-
QmiTminBi2K 4 ]amKK�`Bx2/1tT2`BK2Mi]V

jXj a+`�TBM; K2i�#QHBi2 M�K2b �M/ B/2MiB}2`b rBi? `p2bi

AM K�Mv K2i�#QHQKB+b bim/B2b- i?2 `2T`Q/m+B#BHBiv Q7 �M�Hvb2b Bb b2p2`2Hv �z2+i2/ #v i?2 TQQ` BMi2`QT2`�#BHBiv
Q7 K2i�#QHBi2 M�K2b �M/ i?2B` B/2MiB}2`bX 6Q` i?Bb `2�bQM Bi Bb BKTQ`i�Mi iQ /2p2HQT iQQHb i?�i 7�+BHBi�i2 i?2
T`Q+2bb Q7 +QMp2`iBM; QM2 ivT2 Q7 B/2MiB}2` iQ �MQi?2`X AM Q`/2` iQ mb2 i?2 7Q#BiQQHb T�+F�;2- r2 M22/ bQK2
;2M2`B+ B/2MiB}2` Ubm+? �b Sm#*?2K- E1:: Q` >J."V i?�i �HHQrb mb iQ Q#i�BM i?2 +Q``2bTQM/BM; 6P"A
B/2MiB}2` 7Q` 2�+? K2i�#QHBi2X h?2 J2i�#QHQKB+b qQ`F#2M+? `2TQbBiQ`v T`QpB/2b mb rBi? i?Bb BM7Q`K�iBQM
7Q` K�Mv Q7 i?2 K2i�#QHBi2b [m�MiB}2/ BM bim/v ahyyykNR U6B;m`2 !`27U};,K2i�#QHBi2M�K2bVVX AM Q`/2` iQ
2�bBHv Q#i�BM i?Bb BM7Q`K�iBQM- r2 rBHH T2`7Q`K � r2# b+`�TBM; QT2`�iBQM mbBM; i?2 `p2bi T�+F�;2X
"2HQr r2 Q#i�BM i?2 Sm#*?2K �M/ E1:: B/2MiB}2`b Q7 i?2 K2i�#QHBi2b �M�Hvx2/ BM i?2 TQbBiBp2 �M/ M2;�iBp2
KQ/2 /B`2+iHv 7`QK i?2 J2i�#QHQKB+b qQ`F#2M+? r2#bBi2X q2 rBHH i?2M `2KQp2 i?Qb2 /mTHB+�i2 B/2MiB}2`bX

K2i�#QHBi2L�K2bl_G I@ ]?iiTb,ffrrrXK2i�#QHQKB+brQ`F#2M+?XQ`;f/�i�fb?QrnK2i�#QHBi2bn#vnbim/vXT?T\ahl.unA.4ahyyykNR�a1�_*>nhuS14ELPqL�ahl.unhuS14Ja�_1alGhnhuS14R]
K2i�#QHBi2L�K2b I@ K2i�#QHBi2L�K2bl_G W=W

`2�/n?iKHUV W=W

j

212 Chapter 9. Appendix A



6B;m`2 R, J2i�#QHBi2 B/2MiB}2`b Q7 i?2 ahyyykNR J2i�#QHQKB+b qQ`F#2M+? bim/vX

9
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?iKHnMQ/2bU]X/�i�i�#H2]V

K2i�#QHBi2L�K2bnM2;�iBp2 I@ K2i�#QHBi2L�K2b W=W
X((R)) W=W
?iKHni�#H2UV W=W
/THv`,,b2H2+iU<J2i�#QHBi2 L�K2<- Sm#*?2K*QKTQmM/nA.- <E2;; A/<V

K2i�#QHBi2L�K2bnTQbBiBp2 I@ K2i�#QHBi2L�K2b W=W
X((k)) W=W
?iKHni�#H2UV W=W
/THv`,,b2H2+iU<J2i�#QHBi2 L�K2<- Sm#*?2K*QKTQmM/nA.- <E2;; A/<V

K2i�#QHBi2L�K2b I@ #BM/n`QrbUK2i�#QHBi2L�K2bnM2;�iBp2- K2i�#QHBi2L�K2bnTQbBiBp2V W=W
/THv`,,`2M�K2UM�K2b 4 R- Sm#*?2K 4 k- E1:: 4 jV W=W
Kmi�i2UE1:: 4 B72Hb2UE1:: 44 ]@]- ]lLELPqL]- E1::V-

Sm#*?2K 4 B72Hb2USm#*?2K 44 ]@]- ]lLELPqL]- Sm#*?2KVV W=W
7BHi2`U5/mTHB+�i2/USm#*?2KVV

9 S`2T�`2 72�im`2b �M/ K2i�/�i�

LQr r2 ?�p2 iQ T`2T�`2 i?2 K2i�/�i� �M/ 72�im`2b BM Q`/2` iQ T`Q+22/ rBi? i?2 bi�iBbiB+�H �M�HvbBbX AM i?Bb
bi2T r2 �bbB;M iQ 2�+? K2i�#QHBi2 Bib Sm#*?2K B/2MiB}2` Q#i�BM2/ BM i?2 T`2pBQmb bi2TX

OO M2;�iBp2 KQ/2 72�im`2b
72�im`2bnM2;�iBp2 I@ �bb�vU/�i�nM2;�iBp2nKQ/2V W=W

/THv`,,bHB+2U@MUVV
`QrM�K2bU72�im`2bnM2;�iBp2V I@ `Qr.�i�U/�i�nM2;�iBp2nKQ/2V0K2i�#QHBi2(R,UH2M;i?U`Qr.�i�U/�i�nM2;�iBp2nKQ/2V0K2i�#QHBi2V@RV)

OO TQbBiBp2 KQ/2 72�im`2b
72�im`2bnTQbBiBp2 I@ �bb�vU/�i�nTQbBiBp2nKQ/2V W=W

/THv`,,bHB+2U@MUVV
`QrM�K2bU72�im`2bnTQbBiBp2V I@ `Qr.�i�U/�i�nTQbBiBp2nKQ/2V0K2i�#QHBi2(R,UH2M;i?U`Qr.�i�U/�i�nTQbBiBp2nKQ/2V0K2i�#QHBi2V@RV)

OO +QK#BM2 TQbBiBp2 �M/ M2;�iBp2 KQ/2 �M/ b2i Sm#*?2K A.b �b 72�im`2 M�K2b
72�im`2b I@ #BM/n`QrbU72�im`2bnM2;�iBp2- 72�im`2bnTQbBiBp2V W=W

iB##H2,,`QrM�K2bniQn+QHmKMU]M�K2b]V W=W
`B;?inDQBMUK2i�#QHBi2L�K2b- #v 4 ]M�K2b]V W=W
b2H2+iU@M�K2b- @E1::V W=W
iB##H2,,+QHmKMniQn`QrM�K2bU]Sm#*?2K]V

OO K2i�/�i�
T/�i� I@ +QH.�i�U/�i�nM2;�iBp2nKQ/2V W=W O Q` ]/�i�nTQbBiBp2nKQ/2]X h?2v �`2 2[m�H

�bX/�i�X7`�K2UV W=W
iB##H2,,`QrM�K2bniQn+QHmKMU]A.]V W=W
Kmi�i2Uh`2�iK2Mi 4 +�b2nr?2MUh`2�iK2Mi 44 ]"�b2HBM2 m`BM2] � ]"�b2HBM2]-

h`2�iK2Mi 44 ]l`BM2 �7i2` /`BMFBM; �TTH2 DmB+2] � ]�TTH2]-
h`2�iK2Mi 44 ]l`BM2 �7i2` /`BMFBM; +`�M#2``v DmB+2] � ]*`�M#2``v]VV

8
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8 ai�iBbiB+�H �M�HvbBb rBi? SPJ�

SPJ� T`QpB/2b � bi`m+im`2/- `2T`Q/m+B#H2 �M/ 2�bv@iQ@mb2 rQ`F~Qr 7Q` i?2 pBbm�HBx�iBQM- T`2T`Q+2bbBM;- 2t@
THQ`�iBQM- �M/ bi�iBbiB+�H �M�HvbBb Q7 K2i�#QHQKB+b �M/ T`Qi2QKB+b /�i�X h?2 K�BM �BK Q7 i?Bb T�+F�;2 Bb
iQ 2M�#H2 � ~2tB#H2 /�i� +H2�MBM; �M/ bi�iBbiB+�H �M�HvbBb T`Q+2bb2b BM QM2 +QKT`2?2MbB#H2 �M/ mb2`@7`B2M/Hv
_ T�+F�;2X SPJ� mb2b i?2 bi�M/�`/Bx2/ JaM#�b2 /�i� bi`m+im`2b- iQ �+?B2p2 i?2 K�tBKmK ~2tB#BHBiv �M/
`2T`Q/m+B#BHBiv �M/ K�F2b SPJ� +QKT�iB#H2 rBi? Qi?2` "BQ+QM/m+iQ` T�+F�;2b U*�bi2HH�MQ@1b+m/2`- �M/`ûb@
G�+m2p�- �M/ a�M+?2x@SH� kykRVX

8XR *`2�i2 � JaM#�b2,,JaMa2i Q#D2+i

6B`bi- r2 +`2�i2 � JaMa2i Q#D2+i i?�i BMi2;`�i2b #Qi? K2i�/�i� �M/ 72�im`2b BM i?2 b�K2 /�i� bi`m+im`2X

/�i�nKbMb2i I@ SQK�JaMa2i*H�bbUi�`;2i 4 T/�i�- 72�im`2b 4 iU72�im`2bVV

8Xk S`2T`Q+2bbBM;

a2+QM/- r2 T2`7Q`K i?2 T`2T`Q+2bbBM; bi2TX h?Bb bi2T BM+Hm/2b i?2 KBbbBM; p�Hm2 BKTmi�iBQM mMbBM; i?2 Ԛ@LL
�H;Q`Bi?K- HQ; S�`2iQ MQ`K�HBx�iBQM Ui`�Mb7Q`K�iBQM �M/ b+�HBM;V �M/ QmiHB2` /2i2+iBQM �M/ +H2�MBM;X PM+2
i?2b2 bi2Tb �`2 +QKTH2i2/- r2 +�M T`Q+22/ iQ i?2 bi�iBbiB+�H �M�HvbBb Q7 i?2b2 /�i�X

/�i�nT`2T`Q+2bb2/ I@ /�i�nKbMb2i W=W
SQK�AKTmi2Uw2`Qb�bL� 4 h_l1- +miQ77 4 ky- K2i?Q/ 4 ]FMM]V W=W
SQK�LQ`KUK2i?Q/ 4 ]HQ;nT�`2iQ]V W=W
SQK�PmiHB2`bU+Q27 4 jV

8Xj GBKK� KQ/2H

q2 mb2 � HBKK� KQ/2H U_Bi+?B2 2i �HX kyR8V iQ B/2MiB7v i?Qb2 KQbi bB;MB}+�Mi K2i�#QHBi2b #2ir22M i?2
ǳ"�b2HBM2 m`BM2Ǵ �M/ ǳl`BM2 �7i2` /`BMFBM; +`�M#2``v DmB+2Ǵ ;`QmTbX qBi? i?Bb �M�HvbBb r2 2tT2+i iQ
}M/ K2i�#QHBi2b `2H�i2/ iQ +`�M#2``v BMi�F2X

HBKK�n`2b I@ /�i�nT`2T`Q+2bb2/ W=W
SQK�GBKK�U+QMi`�bi 4 ]"�b2HBM2@*`�M#2``v]- �/Dmbi 4 ]7/`]V W=W
iB##H2,,`QrM�K2bniQn+QHmKMU]Sm#*?2K*A.]V

O b?Qr i?2 7B`bi Ry 72�im`2b
HBKK�n`2b W=W

/THv`,,bHB+2URG,RyGV W=W
F#HU`QrXM�K2b 4 6�Ga1- #QQFi�#b 4 h_l1V W=W
F�#H2nbivHBM;UH�i2tnQTiBQMb 4 +U]bi`BT2/]- ]?QH/nTQbBiBQM]VV

e *QMp2`i Sm#*?2K A.b iQ 6P"A A.b

PM+2 r2 ?�p2 i?2 `2bmHib Q7 i?2 bi�iBbiB+�H �M�HvbBb �M/ ;2M2`B+ B/2MiB}2`b `2+Q;MBx2/ BM i?2 6P"A QMiQHQ;v
U*�bi2HH�MQ@1b+m/2` 2i �HX kykyV- r2 +�M T`Q+22/ iQ T2`7Q`K QM2 Q7 i?2 K�BM 7mM+iBQMb T`QpB/2/ #v i?2
7Q#BiQQHb T�+F�;2- i?2 A. +QMp2`bBQMX qBi? i?2 7Q#BiQQHb,,B/n+QMp2`iUV +QKK�M/- mb2`b +�M +QMp2`i
/Bz2`2Mi A.b #2ir22M 6P"A- >J."- E1::- Sm#*?2K- AM*?AE2v- AM*?A*Q/2- *?2KaTB/2`- �M/ +?2KB+�H

e
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Sm#*?2K*A. HQ;6* �p21tT` i SXo�Hm2 �/DXSXo�H "
89ed38yj @kXyR83ed @kXkk2@y8 @dXjRNj9e yXy2Yyy yXyyyyyj8 RRXyjR9k3
N9kR9 @RX9jeNjj @9X992@y8 @8Xdky8k8 dXy2@yd yXyyy9e83 8X3kdeyj
8jd3jyj @RX8NRjjj yXyy2Yyy @8X8d3k38 RXk2@ye yXyyy8ydN 8XjeddRk
dR938 @RX8kyeyy 9X992@y8 @8X9Rdye8 kXy2@ye yXyyy888k 9X393eNj
893e3yy RXRd8djj yXyy2Yyy 8X9yj3e8 kXR2@ye yXyyy888k 9X3yejRd
Rd8jR @RX9Ny3ed kXkk2@y8 @8Xj8yNje kXe2@ye yXyyy888k 9Xejeeyj
jyj8RNN @RXkN3eed @kXkk2@y8 @8Xyd9jky eXe2@ye yXyyRRe9k jXd88889
9jNjeR @RXyeRked @kXkk2@y8 @8XyjykyN dXe2@ye yXyyRRe9k jXeReyN9
8j8j @RXj9NRjj 9X992@y8 @8XyRyyey 3Xk2@ye yXyyRRe9k jX88k9Nd
RRjk @RX8dN8jj kXkk2@y8 @9XN3jj8y 3XN2@ye yXyyRRe9k jX9e3jyy

M�K2bX q2 rBHH i?2M Q#i�BM i?2 6P"A A.b 7`QK i?2 Sm#*?2K A.b UQ#i�BM2/ BM i?2 T`2pBQmb b2+iBQMbV �M/
�// i?2K �b � M2r +QHmKM iQ i?2 `2bmHib Q7 i?2 HBKK� KQ/2HX

HBKK�n6P"AnM�K2b I@ HBKK�n`2b W=W
/THv`,,TmHHU]Sm#*?2K*A.]V W=W
7Q#BiQQHb,,B/n+QMp2`iUV

O b?Qr i?2 A. +QMp2`bBQM `2bmHib
HBKK�n6P"AnM�K2b W=W

?2�/UV W=W
F#HU`QrXM�K2b 4 6�Ga1- #QQFi�#b 4 h_l1V W=W
F�#H2nbivHBM;UH�i2tnQTiBQMb 4 +U]bi`BT2/]- ]?QH/nTQbBiBQM]VV

6P"A Sm#*?2K*A. *?2KaTB/2`
6P"A,yjy9R8 NR 3N
6P"A,yjydRR RR98 RRRj
6P"A,yjy888 8k3y998 9999Ryk
6P"A,yjydyN RRkj Ryed8d3k
6P"A,yjyek8 d8jj R8939kk9
6P"A,yjyjNd RdN99kd R9y8d33

HBKK�n6P"AnM�K2b I@ HBKK�n6P"AnM�K2b W=W
`B;?inDQBMUHBKK�n`2b- #v 4 ]Sm#*?2K*A.]V W=W
/THv`,,�``�M;2U@/THv`,,/2b+USXo�Hm2VV

d 1M`B+?K2Mi �M�HvbBb

1M`B+?K2Mi �M�HvbBb /2MQi2b �Mv K2i?Q/ i?�i #2M2}ib 7`QK #BQHQ;B+�H T�i?r�v Q` M2irQ`F BM7Q`K�iBQM iQ
;�BM BMbB;?i BMiQ � #BQHQ;B+�H bvbi2K U*`2Bt2HH 2i �HX kyR8VX AM Qi?2` rQ`/b- i?2b2 ivT2 Q7 �M�Hvb2b BMi2;`�i2
i?2 2tBbiBM; #BQHQ;B+�H FMQrH2/;2 U7`QK /Bz2`2Mi #BQHQ;B+�H bQm`+2b bm+? �b /�i�#�b2b �M/ QMiQHQ;B2bV �M/ i?2
bi�iBbiB+�H `2bmHib Q7 QKB+b bim/B2b- Q#i�BMBM; � /22T2` mM/2`bi�M/BM; Q7 #BQHQ;B+�H bvbi2KbX
AM KQbi K2i�#QHQKB+b bim/B2b- i?2 QmiTmi Q7 bi�iBbiB+�H �M�HvbBb Bb mbm�HHv � HBbi Q7 72�im`2b b2H2+i2/ �b
bi�iBbiB+�HHv bB;MB}+�Mi Q` bi�iBbiB+�HHv `2H2p�Mi �++Q`/BM; iQ � T`2@/2}M2/ bi�iBbiB+�H +`Bi2`B�X 1M`B+?K2Mi
�M�HvbBb K2i?Q/b mb2 i?2b2 b2H2+i2/ 72�im`2b iQ 2tTHQ`2 �bbQ+B�i2/ #BQHQ;B+�HHv `2H2p�Mi T�i?r�vb- /Bb2�b2b-

d
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2i+X- /2T2M/BM; QM i?2 M�im`2 Q7 i?2 BMTmi 72�im`2 HBbi U;2M2b- K2i�#QHBi2b- 2i+XV �M/ i?2 bQm`+2 mb2/ iQ
2ti`�+i i?2 #BQHQ;B+�H FMQrH2/;2 U:P- E1::- 6P"A- 2i+XVX
>2`2- r2 T`2b2Mi � iQQH i?�i mb2b i?2 6P"A BM7Q`K�iBQM iQ T2`7Q`K /Bz2`2Mi ivT2b Q7 2M`B+?K2Mi �M�Hvb2bX
h?2`27Q`2- i?2 T`2b2Mi2/ K2i?Q/b �HHQr `2b2�`+?2`b iQ KQp2 7`QK HBbib Q7 K2i�#QHBi2b iQ +?2KB+�H +H�bb2b �M/
7QQ/ ;`QmTb �bbQ+B�i2/ rBi? i?Qb2 HBbib- �M/ +QMb2[m2MiHv- iQ i?2 bim/v /2bB;MX
*m``2MiHv- i?2 KQbi TQTmH�` mb2/ �TT`Q�+?2b 7Q` 2M`B+?K2Mi �M�HvbBb �`2 i?2 Qp2` `2T`2b2Mi�iBQM �M�HvbBb
UP_�V �M/ i?2 ;2M2 b2i 2M`B+?K2Mi �M�HvbBb U:a1�V- rBi? Bib p�`B�Mib 7Q` Qi?2` }2H/b bm+? �b i?2 K2i�#QHBi2
b2i 2M`B+?K2Mi �M�HvbBb UJa1�V UsB� �M/ qBb?�`i kyRyVX

dXR Pp2` `2T`2b2Mi�iBQM �M�HvbBb UP_�V

P_� Bb QM2 Q7 i?2 KQbi mb2/ K2i?Q/b iQ T2`7Q`K 2M`B+?K2Mi �M�HvbBb BM K2i�#QHQKB+b bim/B2b /m2 iQ Bib
bBKTHB+Biv �M/ 2�bv mM/2`bi�M/BM;X h?Bb K2i?Q/ bi�iBbiB+�HHv 2p�Hm�i2b i?2 7`�+iBQM Q7 K2i�#QHBi2b BM �
T�`iB+mH�` T�i?r�v 7QmM/ �KQM; i?2 b2i Q7 K2i�#QHBi2b bi�iBbiB+�HHv b2H2+i2/X h?mb- P_� Bb mb2/ iQ i2bi B7
+2`i�BM ;`QmTb Q7 K2i�#QHBi2b �`2 `2T`2b2Mi2/ KQ`2 i?�M 2tT2+i2/ #v +?�M+2 ;Bp2M � 72�im`2 HBbiX
>Qr2p2`- P_� ?�b � MmK#2` Q7 HBKBi�iBQMbX h?2 KQbi BKTQ`i�Mi QM2 Bb i?2 M22/ Q7 mbBM; � +2`i�BM i?`2b?QH/
Q` +`Bi2`B� iQ b2H2+i i?2 72�im`2 HBbiX h?Bb K2�Mb i?�i K2i�#QHBi2b /Q MQi K22i i?2 b2H2+iBQM +`Bi2`B� Kmbi #2
/Bb+�`/2/X h?2 b2+QM/ #B; HBKBi�iBQM Q7 P_� Bb i?�i i?Bb K2i?Q/ �bbmK2b BM/2T2M/2M+2 Q7 b2ib �M/ 72�im`2bX
AM P_�- Bb �bbmK2/ i?�i 2�+? 72�im`2 Bb BM/2T2M/2Mi Q7 i?2 Qi?2` 72�im`2b �M/ 2�+? b2i Bb BM/2T2M/2Mi Q7
i?2 Qi?2` b2ibX
>2`2- r2 T2`7Q`K �M P_� rBi? i?2 7Q#BiQQHb T�+F�;2- r?2`2 r2 rBHH mb2 �b � mMBp2`b2 �HH i?2 K2i�#QHBi2b
Q7 i?2 bim/v T`2b2Mi BM 6P"A �M/ �b � HBbi i?Qb2 K2i�#QHBi2b rBi? � `�r T@p�Hm2 I yXyR BM i?2 HBKK� `2bmHib
i�#H2X

K2i�#QHBi2GBbi I@ HBKK�n6P"AnM�K2b06P"A(HBKK�n6P"AnM�K2b0SXo�Hm2 I yXyR)
K2i�#QHBi2lMBp2`b2 I@ HBKK�n6P"AnM�K2b06P"A

7Q#BiQQHb,,Q`�UK2i�#QHBi2GBbi 4 K2i�#QHBi2GBbi-
K2i�#QHBi2lMBp2`b2 4 K2i�#QHBi2lMBp2`b2-
Tp�H*miQ77 4 yX8V W=W

F#HU`QrXM�K2b 4 6�Ga1- #QQFi�#b 4 h_l1V W=W
F�#H2nbivHBM;UH�i2tnQTiBQMb 4 +U]bi`BT2/]- ]?QH/nTQbBiBQM]VV

+H�bbL�K2 +H�bbaBx2 Qp2`H�T Tp�H T�/D Qp2`H�TJ2i�#QHBi2b
bQ7i /`BMF U/B2i2iB+V k R yXRyj39yd R 6P"A,yjyekd
QHBp2 QBH Ry R yX9ekjy99 R 6P"A,yjyj9y

�b r2 +�M b22- /m2 iQ i?2 HBKBi�iBQMb Q7 i?Bb K2i?Q/QHQ;v �M/ i?2 bK�HH MmK#2` Q7 K2i�#QHBi2b i?�i K22i
i?2 b2i bi�iBbiB+�H +`Bi2`BQM- i?2 `2bmHib /Q MQi b?Qr � +H2�` �M/ Q#pBQmb `2H�iBQMb?BT rBi? i?2 /2bB;M Q7 i?2
bim/v- �b i?2 7QQ/ ;`QmTb i?�i �TT2�` BM i?2 P_� `2bmHib /Q MQi +Q``2bTQM/ iQ i?Qb2 7QQ/b �/KBMBbi2`2/ BM
i?2 BMi2`p2MiBQMX

dXk Ja1�

:2M2 a2i 1M`B+?K2Mi �M�HvbBb U:a1�V K2i?Q/QHQ;v r�b T`QTQb2/ 7Q` i?2 }`bi iBK2 BM kyy8- rBi? i?2 �BK Q7
BKT`QpBM; i?2 BMi2`T`2i�iBQM Q7 ;2M2 2tT`2bbBQM /�i�X h?2 K�BM Tm`TQb2 Q7 :a1� Bb iQ /2i2`KBM2 r?2i?2`
K2K#2`b Q7 � ;2M2 b2i Ԉ i2M/ iQ Q++m` iQr�`/ i?2 iQT UQ` #QiiQKV Q7 i?2 ;2M2 HBbi ԁ- BM r?B+? +�b2 i?2 ;2M2
b2i Bb +Q``2H�i2/ rBi? i?2 T?2MQivTB+ +H�bb /BbiBM+iBQM Uam#`�K�MB�M 2i �HX kyy8VX

3
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h?Bb ivT2 Q7 �M�HvbBb #�bB+�HHv +QMbBbib Q7 i?`22 F2v bi2Tb Uam#`�K�MB�M 2i �HX kyy8V,
h?2 }`bi bi2T +QMbBbib QM i?2 +�H+mH�iBQM Q7 �M 2M`B+?K2Mi b+Q`2 UӺԈVX h?Bb p�Hm2 BM/B+�i2b i?2 /2;`22 iQ
r?B+? � b2i Ԉ Bb Qp2``2T`2b2Mi2/ �i i?2 2ti`2K2b UiQT Q` #QiiQKV Q7 i?2 2MiB`2 `�MF2/ ;2M2 HBbi ԁX h?2 ӺԈ
Bb +�H+mH�i2/ #v r�HFBM; /QrM i?2 HBbi ԁ- BM+`2�bBM; � `mMMBM;@bmK bi�iBbiB+ r?2M � ;2M2 Bb 7QmM/ BM Ԉ �M/
/2+`2�bBM; Bi r?2M � ;2M2 Bb MQi 7QmM/ BM ԈX h?2 K�;MBim/2 Q7 i?2 BM+`2K2Mi /2T2M/b QM i?2 +Q``2H�iBQM
Q7 i?2 ;2M2 rBi? i?2 T?2MQivT2X h?2 ӺԈ Bb i?2 K�tBKmK /2pB�iBQM 7`QK x2`Q 2M+QmMi2`2/ BM i?2 `�M/QK
r�HFX
h?2 b2+QM/ bi2T Bb i?2 2biBK�iBQM Q7 bB;MB}+�M+2 H2p2H Q7 ӺԈX h?2 bi�iBbiB+�H bB;MB}+�M+2 UMQKBM�H T@p�Hm2V
Q7 i?2 ӺԈ Bb 2biBK�i2/ #v mbBM; �M 2KTB`B+�H T?2MQivT2@#�b2/ T2`Kmi�iBQM i2bi i?�i T`2b2`p2b i?2 +QKTH2t
+Q``2H�iBQM bi`m+im`2 Q7 i?2 ;2M2 2tT`2bbBQM /�i�X h?2 T?2MQivT2 H�#2Hb UԁV �`2 T2`Kmi2/ �M/ i?2 ӺԈ Q7
i?2 Ԉ Bb `2+QKTmi2/ 7Q` i?2 T2`Kmi2/ /�i�- r?B+? ;2M2`�i2b � MmHH /Bbi`B#miBQM 7Q` i?2 ӺԈX h?2 2KTB`B+�H-
MQKBM�H T@p�Hm2 Q7 i?2 Q#b2`p2/ ӺԈ Bb i?2M +�H+mH�i2/ `2H�iBp2 iQ i?Bb MmHH /Bbi`B#miBQMX h?2 T2`Kmi�iBQM
Q7 +H�bb H�#2Hb U;`QmTbV T`2b2`p2b ;2M2@;2M2 +Q``2H�iBQMb �M/- i?mb- T`QpB/2b � KQ`2 #BQHQ;B+�HHv `2�bQM�#H2
�bb2bbK2Mi Q7 bB;MB}+�M+2 i?�M rQmH/ #2 Q#i�BM2/ #v T2`KmiBM; ;2M2bX
6BM�HHv- i?2 i?B`/ bi2T +QMbBbi QM i?2 �/DmbiK2Mi 7Q` KmHiBTH2 ?vTQi?2bBb i2biBM;X q?2M �M 2MiB`2 /�i�#�b2
Q7 ;2M2 b2ib Bb 2p�Hm�i2/- i?2 2biBK�i2/ bB;MB}+�M+2 H2p2H Bb �/Dmbi2/ 7Q` KmHiBTH2 ?vTQi?2bBb i2biBM;X 6B`bi-
i?2 ӺԈ Bb MQ`K�HBx2/ 7Q` 2�+? ;2M2 b2i iQ �++QmMi 7Q` i?2 bBx2 Q7 i?2 b2i- vB2H/BM; � MQ`K�HBx2/ 2M`B+?K2Mi
b+Q`2 UL1aVX h?2M- i?2 T`QTQ`iBQM Q7 7�Hb2 TQbBiBp2b Bb +QMi`QHH2/ #v +�H+mH�iBM; i?2 6._ +Q``2bTQM/BM; iQ
2�+? L1aX
AM kyRy- � KQ/B}+�iBQM Q7 i?2 :a1� K2i?Q/QHQ;v r�b T`2b2Mi2/ 7Q` K2i�#QHQKB+b bim/B2bX h?Bb K2i?Q/ r�b
+�HH2/ J2i�#QHBi2 a2i 1M`B+?K2Mi �M�HvbBb UJa1�V �M/ Bib K�BM �BK r�b iQ ?2HT `2b2�`+?2`b B/2MiB7v �M/
BMi2`T`2i T�ii2`Mb Q7 ?mK�M �M/ K�KK�HB�M K2i�#QHBi2 +QM+2Mi`�iBQM +?�M;2b BM � #BQHQ;B+�HHv K2�MBM;7mH
+QMi2ti UsB� �M/ qBb?�`i kyRyVX Ja1� Bb +m``2MiHv rB/2Hv mb2/ BM i?2 K2i�#QHQKB+b +QKKmMBiv �M/ Bi Bb
BKTH2K2Mi2/ �M/ 7`22Hv �p�BH�#H2 �i i?2 FMQrM J2i�#Q�M�Hvbi r2#@#�b2/ iQQH UsB� �M/ qBb?�`i kyRyVX
�b +�M #2 b22M- :a1� �TT`Q�+? Bb KQ`2 +QKTH2t i?�M i?2 P_� K2i?Q/QHQ;v- #Qi? BM i2`Kb Q7 K2i?Q/QHQ;B+�H
�bT2+ib �M/ mM/2`bi�M/BM; Q7 i?2 K2i?Q/X
h?2 7Q#BiQQHb T�+F�;2 T`QpB/2b � 7mM+iBQM iQ T2`7Q`K Ja1� mbBM; i?2 6P"A BM7Q`K�iBQMX h?Bb 7mM+iBQM
`2[mB`2b � `�MF2/ HBbiX >2`2- r2 rBHH mb2 i?2 K2i�#QHBi2b Q#i�BM2/ BM i?2 HBKK� KQ/2H `�MF2/ #v `�r T@p�Hm2bX

HBKK�n6P"AnKb2� I@ HBKK�n6P"AnM�K2b W=W
b2H2+iU6P"A- SXo�Hm2V W=W
7BHi2`U5BbXM�U6P"AVV W=W
/THv`,,�``�M;2U@/THv`,,/2b+U�#bUSXo�Hm2VVV

6P"AnKb2� I@ �bXp2+iQ`UHBKK�n6P"AnKb2�0SXo�Hm2V
M�K2bU6P"AnKb2�V I@ HBKK�n6P"AnKb2�06P"A

Kb2�n`2b I@ 7Q#BiQQHb,,Kb2�U6P"AnKb2�- Tp�H*miQ77 4 yXyeV

Kb2�n`2b W=W
F#HU`QrXM�K2b 4 6�Ga1- #QQFi�#b 4 h_l1V W=W
F�#H2nbivHBM;UH�i2tnQTiBQMb 4 +U]bi`BT2/]- ]?QH/nTQbBiBQM]VV

+H�bbL�K2 +H�bbaBx2 HQ;k2`` 1a L1a Tp�H T�/D H2�/BM;1/;2
;`�T2 Ur?QH2- `�rV R yXj3ydjy9 RXyyyyyyy kXyjdd3k yXyR89dyj yXkdNdkyj 6P"A,yjy8Ny
;`�T27`mBi Ur?QH2- `�rV R yXRNd3kky yXNdkNdjy RXN3kdye yXy8yN9NR yXkdNdkyj 6P"A,yjy8kj
/�B`v 7QQ/ T`Q/m+i 8 yXR33ky9R yXej3j888 RXeejd3e yXy88N99R yXkdNdkyj 6P"A,yjydyR- 6P"A,yjydy9- 6P"A,yjyeNd- 6P"A,yjyeNk
2;; 7QQ/ T`Q/m+i 8 yXR33ky9R yXej3j888 RXeejd3e yXy88N99R yXkdNdkyj 6P"A,yjydyR- 6P"A,yjydy9- 6P"A,yjyeNd- 6P"A,yjyeNk
K2�i 7QQ/ T`Q/m+i 8 yXR33ky9R yXej3j888 RXeejd3e yXy88N99R yXkdNdkyj 6P"A,yjydyR- 6P"A,yjydy9- 6P"A,yjyeNd- 6P"A,yjyeNk

N
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�b r2 +�M b22- i?2 2M`B+?K2Mi �M�HvbBb rBi? i?2 Ja1� K2i?Q/ b22Kb iQ #2 Km+? KQ`2 �++m`�i2 i?�M i?2
P_� K2i?Q/- bBM+2 i?2 irQ +H�bb2b i?�i ?2�/ i?2 `2bmHib i�#H2 Uǳ;`�T2 Ur?QH2- `�rVǴ �M/ ǳ;`�T27`mBi Ur?QH2-
`�rVǴV �`2 +H2�`Hv rBi?BM i?2 6P"A 7QQ/ ;`QmT Ub2iV ǳTH�Mi 7`mBi 7QQ/ T`Q/m+iǴ- r?B+? Bb �HB;M2/ rBi? i?2
bim/v BMi2`p2MiBQM- +`�M#2``v DmB+2 BMi�F2X

7Q#Bn;`�T?Ui2`Kb 4 +U]6PP.PL,yjjyRRkj]- ]6PP.PL,yjjyRdyk]V-
;2i 4 ]�M+]-
H�#2Hb 4 h_l1-
H�#2HbBx2 4 eV

dXkXR Ja1� THQi rBi? ;;THQik

;;THQiUKb2�n`2b- �2bUt 4 @HQ;RyUTp�HV- v 4 L1a- +QHQ` 4 L1a- bBx2 4 +H�bbaBx2- H�#2H 4 +H�bbL�K2VV Y
tH�#U]@HQ;RyUS@p�Hm2V]V Y
vH�#U]L1a ULQ`K�HBx2/ 1M`B+?K2Mi a+Q`2V]V Y
;2QKnTQBMiUV Y

Ry
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;;`2T2H,,;2QKnH�#2Hn`2T2HU+QHQ` 4 ]#H�+F]- bBx2 4 dV Y
i?2K2n#rUV Y
i?2K2UH2;2M/XTQbBiBQM 4 ]iQT]-

i2ti 4 2H2K2Mini2tiUbBx2 4 kkVV Y
b+�H2n+QHQ`npB`B/Bbn+UV Y
b+�H2nbBx2U;mB/2 4 ]MQM2]V

grape (whole, raw)

grapefruit (whole, raw)

dairy food productegg food product
meat food product

1.65

1.75

1.85

1.95

2.05

1.4 1.6 1.8
−log10(P−value)

N
ES

 (N
or

m
al

ize
d 

En
ric

hm
en

t S
co

re
)

1.71.81.92.0NES

dXkXk L2irQ`F Q7 K2i�#QHBi2b 7QmM/ BM Ja1�

6P"Ani2`Kb I@ Kb2�n`2b W=W
mMM2biU+QHb 4 H2�/BM;1/;2V

7Q#BiQQHb,,7Q#B W=W
7BHi2`U6P"A WBMW 6P"Ani2`Kb0H2�/BM;1/;2V W=W
TmHHUB/n+Q/2V W=W
7Q#Bn;`�T?U;2i 4 ]�M+]-

H�#2Hb 4 h_l1-
H2;2M/ 4 h_l1-
H�#2HbBx2 4 e-
H2;2M/aBx2 4 kyV

RR
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3 GBKBi�iBQMb

h?2 6P"A QMiQHQ;v Bb +m``2MiHv BM Bib }`bi `2H2�b2 p2`bBQM- bQ Bi /Q2b MQi v2i BM+Hm/2 BM7Q`K�iBQM QM K�Mv
K2i�#QHBi2b �M/ 7QQ/ `2H�iBQMb?BTbX �HH 7mim`2 2zQ`ib rBHH #2 /B`2+i2/ �i 2tT�M/BM; i?Bb QMiQHQ;v- H2�/BM;
iQ � bB;MB}+�Mi BM+`2�b2 BM i?2 MmK#2` Q7 K2i�#QHBi2b �M/ K2i�#QHBi2@7QQ/ `2H�iBQMb?BTbX h?2 7Q#BiQQHb
T�+F�;2 T`QpB/2b i?2 K2i?Q/QHQ;v 7Q` 2�bv mb2 Q7 i?2 6P"A QMiQHQ;v `2;�`/H2bb Q7 i?2 �KQmMi Q7 BM7Q`K�iBQM
Bi +QMi�BMbX h?2`27Q`2- 7mim`2 6P"A BKT`Qp2K2Mib rBHH �HbQ ?�p2 � /B`2+i BKT�+i QM i?2 7Q#BiQQHb T�+F�;2-
BM+`2�bBM; Bib miBHBiv �M/ �HHQrBM; iQ T2`7Q`K- �KQM; Qi?2`b- KQ`2 �++m`�i2- +QKTH2i2 �M/ `Q#mbi 2M`B+?K2Mi
�M�Hvb2bX

N a2bbBQM AM7Q`K�iBQM

b2bbBQMAM7QUV
O= _ p2`bBQM 9XyXk Ukyky@ye@kkV

Rk
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O= SH�i7Q`K, t3ene9@�TTH2@/�`rBMRdXy Ue9@#BiV
O= _mMMBM; mM/2`, K�+Pa RyXRe
O=
O= J�i`Bt T`Q/m+ib, /27�mHi
O= "G�a, fGB#`�`vf6`�K2rQ`Fbf_X7`�K2rQ`Ffo2`bBQMbf9Xyf_2bQm`+2bfHB#fHB#_#H�bX/vHB#
O= G�S�*E, fGB#`�`vf6`�K2rQ`Fbf_X7`�K2rQ`Ffo2`bBQMbf9Xyf_2bQm`+2bfHB#fHB#_H�T�+FX/vHB#
O=
O= HQ+�H2,
O= (R) 2bn1aXlh6@3f2bn1aXlh6@3f2bn1aXlh6@3f*f2bn1aXlh6@3f2bn1aXlh6@3
O=
O= �ii�+?2/ #�b2 T�+F�;2b,
O= (R) T�`�HH2H bi�ib9 bi�ib ;`�T?B+b ;`.2pB+2b miBHb /�i�b2ib
O= (3) K2i?Q/b #�b2
O=
O= Qi?2` �ii�+?2/ T�+F�;2b,
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qQ`F~Qr 7Q` S`2@S`Q+2bbBM; �M/ ai�iBbiB+�H �M�HvbBb Q7 J�bb aT2+i`QK2i`v .�i�X ?iiTb,ff;Bi?m#X+QKf
T+�bi2HH�MQ2b+m/2`fSPJ�X
*�bi2HH�MQ@1b+m/2`- SQH- _�ȹH :QMx�H2x@.QKø�M;m2x- .�pB/ a qBb?�`i- *`BbiBM� �M/`ûb@G�+m2p�- �M/ �H2t
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.�i�XǴ .�i�#�b2 kykyX
*`2Bt2HH- S�m- CɃ`B _2BK�M/- av2/ >�B/2`- :m�MKBM; qm- h�ibm?B`Q a?B#�i�- JB;m2H o�x[m2x- oBHH2 JmbiQ@
M2M- 2i �HX kyR8X ǳS�i?r�v �M/ L2irQ`F �M�HvbBb Q7 *�M+2` :2MQK2bXǴ L�im`2 J2i?Q/b Rk UdV, eR8X
_Bi+?B2- J�ii?2r 1- "2HBM/� S?BTbQM- .B qm- uB7�M; >m- *?�`Biv q G�r- q2B a?B- �M/ :Q`/QM E aKvi?X
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�+B/b _2b2�`+? 9j UdV, 29dX ?iiTb,ff/QBXQ`;fRyXRyNjfM�`f;FpyydX
am#`�K�MB�M- �`�pBM/- S�#HQ h�K�vQ- o�KbB E JQQi?�- a�v�M JmF?2`D22- "2MD�KBM G 1#2`i- JB+?�2H �
:BHH2ii2- �K�M/� S�mHQpB+?- 2i �HX kyy8X ǳ:2M2 a2i 1M`B+?K2Mi �M�HvbBb, � EMQrH2/;2@"�b2/ �TT`Q�+?
7Q` AMi2`T`2iBM; :2MQK2@qB/2 1tT`2bbBQM S`Q}H2bXǴ S`Q+22/BM;b Q7 i?2 L�iBQM�H �+�/2Kv Q7 a+B2M+2b Ryk
U9jV, R8898Ĝ8yX
am/- J�MBb?- 1QBM 6�?v- .�rM *Qii2`- E2M�M �x�K- AH�M;Q o�/Bp2Hm- *?�`H2b "m`�Mi- �`i?m` 1/BbQM- 2i
�HX kyReX ǳJ2i�#QHQKB+b qQ`F#2M+?, �M AMi2`M�iBQM�H _2TQbBiQ`v 7Q` J2i�#QHQKB+b .�i� �M/ J2i�/�i�-
J2i�#QHBi2 ai�M/�`/b- S`QiQ+QHb- hmiQ`B�Hb �M/ h`�BMBM;- �M/ �M�HvbBb hQQHbXǴ Lm+H2B+ �+B/b _2b2�`+? 99
U.RV, .9ejĜ.9dyX
sB�- CB�M;mQ- �M/ .�pB/ a qBb?�`iX kyRyX ǳJa1�, � q2#@"�b2/ hQQH iQ A/2MiB7v "BQHQ;B+�HHv J2�MBM;7mH
S�ii2`Mb BM Zm�MiBi�iBp2 J2i�#QHQKB+ .�i�XǴ Lm+H2B+ �+B/b _2b2�`+? j3 UbmTTHnkV, qdRĜqddX
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Appendix B

B.1 Other publications

This section includes scientific publications directly or indirectly
related to the content of this thesis and carried out during the
period of its realization. All publications mentioned in this section
have already been sent to di�erent international scientific journals
but have not yet been accepted for publication. Each publication
includes the author list and its corresponding abstract.

B.1.1 Paper 6: A polyphenol-rich diet causes
increase in the gut microbiota metabolite
indole 3-propionic acid in older adults with
preserved kidney function

Gregorio Peronú, Tomás Meroñoú, Giorgio Gargari, Nicole
Hidalgo-Liberona, Antonio Miñarro, Esteban Vegas Lozano, Pol
Castellano-Escuder, Cristian Del Bo’, Stefano Bernardi, Paul
A. Kroon, Antonio Cherubini, Patrizia Riso, Simone Guglielmetti,
Cristina Andrés-Lacueva. A polyphenol-rich diet causes increase in
the gut microbiota metabolite indole 3-propionic acid in older adults
with preserved kidney function: a randomized, controlled, crossover
trial.

úAuthors equally contributed to this work.
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• ABSTRACT

Dietary polyphenols can trigger the production of microbial
bioactive metabolites by altering the gut microbiota (GM). Here,
our aim was to determine if a polyphenol-rich (PR) diet could a�ect
the production of specific bioactive GM-tryptophan metabolites
in older adults involved in an 8-week randomized, controlled,
crossover trial. Subgroup analyses based on kidney function
(normal glomerular filtration rate: 90-120 ml/min/1.73m2) were
performed. The PR-diet significantly increased serum indole
3-propionic acid (IPA) in subjects with normal renal function
(NRF), although the same e�ect was not observed in subjects with
impaired renal function. Other GM-tryptophan metabolites were
not a�ected. Comparison of baseline GM composition showed shifts
in Bacteroidales order members as well as higher abundance of
Clostridiales in participants with NRF. During the trial, variations
of IPA were associated with changes in C-reactive protein (— =
0.32, p = 0.010) and GM, particularly with the Clostridiales (r
= 0.35, p < 0.001) and Enterobacteriales (r = -0.15, p < 0.05) orders.

• MaPLE STUDY DESIGN

The “MaPLE” project (Guglielmetti et al., 2020) is a crossover
interventional study of older people (>65 years) where participants
toke both polyphenol-rich and control diets during two di�erent
periods of time. Halfway through the study, participants were
subjected to a wash-out period in order to invert the control and
intervention groups (Figure B.1). Urine metabolites were measured
and compared at four di�erent times of the study.
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Figure B.1: MaPLE project study design (Guglielmetti et al., 2020).

B.1.2 Paper 7: Apolipoprotein E and sex mod-
ulate fatty acid metabolism in early cog-
nitive decline

Raúl González-Domínguez, Pol Castellano-Escuder, Sophie
Lefèvre-Arbogast, Dorrain Y. Low, Andrea Du Preez, Silvie R.
Ruigrok, Hyunah Lee, Catherine Helmer, Mercè Pallàs, Mireia
Urpi-Sarda, Alex Sánchez-Pla, Aniko Korosi, Paul J. Lucassen,
Ludwig Aigner, Claudine Manach, Sandrine Thuret, Cécilia Samieri,
Cristina Andres-Lacueva. Apolipoprotein E and sex modulate fatty
acid metabolism in early cognitive decline.

• ABSTRACT

Fatty acids and related pathways are known to be disturbed in cogni-
tive decline, but the involvement of common risk factors, namely the
‘4 allele of the apolipoprotein E (ApoE-‘4) gene and sex, remains
elusive. Targeted metabolomics analysis was performed on serum
samples from a nested case-control study (N=368), part of a prospec-
tive population cohort on dementia. Circulating levels of free fatty
acids, acyl-carnitines and pantothenic acid were increased among
participants who had greater odds of cognitive decline over a 12-year
follow-up. Stratified analyses indicated that these alterations were
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specific for ApoE-‘4 non-carriers and women. Our results highlight
that the regulation of fatty acids and related metabolic pathways
during cognitive decline depends on the ApoE-‘4 genotype and
sex. A better understanding of this intertwined modulation would
help to elucidate the impact of individual variability in the onset of
cognitive decline and to develop personalized therapeutic approaches.

B.1.3 Paper 8: A mixture of four dietary fi-
bres ameliorates adiposity, and improves
metabolic profile and intestinal health in
cafeteria-fed obese rats: an integrative
multi-omics approach

Núria Estanyol-Torres, Cristina Domenech-Coca, Raúl González-
Domínguez, Antonio Miñarro, Ferran Reverter, Jose Antonio
Moreno-Muñoz, Jesús Jiménez, Manel Martín-Palomas, Pol
Castellano-Escuder, Hamza Mostafa, Santi García-Vallvé, Nerea
Abasolo, Miguel A. Rodríguez, Helena Torrell, Josep M del Bas,
Alex Sanchez-Pla, Antoni Caimari, Anna Mas-Capdevila, Cristina
Andres-Lacueva, Anna Crescenti. A mixture of four dietary fibres
ameliorates adiposity, and improves metabolic profile and intestinal
health in cafeteria-fed obese rats: an integrative multi-omics approach.

• ABSTRACT

Dietary fibre is a health-promoting nutrient well-known to lower
risk for obesity and to improve intestinal and metabolic health,
although its e�ects depend on the properties of each fibre. The
aim of this study was to assess the e�ects of a mixture of the fibres
inulin, hydrolysed guar gum, resistant maltodextrin and dehydrated
plum, using a daily dose extrapolated to human consumption,
against cafeteria diet-induced obesity in rats. We studied a wide
number of biometric and biochemical parameters, conducted a
multi-omics approach based on transcriptomics, metagenomics
and metabolomics analysis and applied an integrative multivariate



B.2. Other software 229

analysis. The intervention reduced the body weight and adiposity
of animals, which was probably mediated by an increase of energy
expenditure and lipid oxidation. Fibre supplementation reduced
HbA1c and adiponectin blood levels and liver cholesterol levels.
Fibre intake improved the intestinal health and endotoxemia (i.e.,
increased caecal weight and small intestine length/weight ratio,
reduced LPS serum levels and MPO activity in the colon), which was
in turn reflected at the metabolomics (i.e., production of short chain
fatty acids and phenolic acids), metagenomics (i.e., modulation of
Ruminococcus species) and transcriptomics levels (i.e., expression of
tight junctions). Transcriptomics analysis showed downregulated
proteolysis in response to fibre, in line with the decrease of amino
acid levels observed in serum and urine and with the increase
of Lactobacillus counts. Altogether, our integrative multi-omics
approach highlights the great potential of the supplementation with
the mixture of fibres to ameliorate the impairments in adiposity,
metabolic and intestinal health triggered by obesity.

B.2 Other software

This section includes software applications not directly related to
the content of this thesis but generated during its development.

B.2.1 Lheuristic

Lheuristic is a web-based tool for exploring correlations between
gene methylation and expression in omics studies. Lheuristic tool
provides a heuristic algorithm for selecting those genes with a
L pattern in the expression-methylation scatterplot. Thus, the
main aim of this tool is to detect genes potentially regulated by
methylation.

Available documents:
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• Lheuristic R package GitHub repository: https://github.com/

ASPresearch/Selecting_GRM

• Lheuristic Shiny app GitHub repository: https://github.com/

pcastellanoescuder/Lheuristic

Figure B.2: Screenshot of the Lheuristic Home page.

B.2.2 Covid19Explorer

Covid19Explorer is a web-based application that provides a set
of tools for visualization, exploration, and statistical analysis of
complex multivariate COVID-19 data. This tool was developed in
the context of the COVID-19 pandemic to facilitate the analysis
of these data. Covid19Explorer was made in collaboration with
di�erent researchers from the Vall d’Hebron hospital in Barcelona.

Available documents:

• Covid19Explorer URL: http://uebshiny.vhir.org:3838/

Covid19Explorer/

• Covid19Explorer GitHub repository: https://github.com/

pcastellanoescuder/Covid19Explorer

https://github.com/ASPresearch/Selecting_GRM
https://github.com/ASPresearch/Selecting_GRM
https://github.com/pcastellanoescuder/Lheuristic
https://github.com/pcastellanoescuder/Lheuristic
http://uebshiny.vhir.org:3838/Covid19Explorer/
http://uebshiny.vhir.org:3838/Covid19Explorer/
https://github.com/pcastellanoescuder/Covid19Explorer
https://github.com/pcastellanoescuder/Covid19Explorer
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Figure B.3: Screenshot of the Covid19Explorer Home page.






	Glossary
	I Introduction and Objectives
	Chapter 1: Introduction
	Metabolomics
	Metabolome
	Human metabolome

	Metabolome profiling techniques
	Mass spectrometry
	NMR spectroscopy

	Metabolome profiling approaches
	Untargeted metabolomics
	Targeted metabolomics


	Nutrimetabolomics
	Nutritional studies
	Interventional studies
	Observational studies

	Dietary assessment techniques
	Dietary recalls
	Food frequency questionnaires
	The need for a complementary approach


	Biomarkers
	Dietary and health biomarkers
	Types of dietary biomarkers


	Data analysis in nutrimetabolomics
	Statistical modeling
	Linear models
	Generalized linear models
	Generalized additive models

	Data mining
	Principal Components Analysis
	Partial Least Squares

	Statistical learning
	The Lasso
	Random forests


	Ontologies
	The gold standard: The Gene Ontology
	Ontologies in metabolomics
	ChEBI: Chemical Entities of Biological Interest

	Ontologies in nutrition
	FoodOn: Food Ontology
	ONS: Ontology for Nutritional Studies

	Ontologies in nutrimetabolomics

	Biological significance analysis
	Biological significance analysis methods
	Over Representation Analysis
	Gene Set Enrichment Analysis

	Biological significance analysis in nutrimetabolomics


	Chapter 2: Objectives
	Main objective
	Specific objectives


	II Results and Discussion
	Thesis directors report
	Chapter 3: Results
	Methodological and software developments
	Paper 1: Food-Biomarker Ontology
	Background
	Aim
	Results
	Conclusion

	Paper 2: POMAShiny
	Background
	Aim
	Results
	Conclusion

	Paper 3: The fobitools framework
	Background
	Aim
	Results
	Conclusion


	Application of developed tools
	Paper 4: Assessing adherence to healthy dietary habits through the urinary food metabolome
	Background
	Aim
	Study design
	Results
	Conclusion

	Paper 5: The food-related serum metabolome associates with later cognitive decline in older subjects
	Background
	Aim
	Study design
	Results
	Conclusion


	Software
	R/Bioconductor packages
	POMA
	fobitools

	Graphical User Interfaces
	POMAShiny
	fobitoolsGUI
	POMAcounts



	Chapter 4: Discussion

	III Conclusions
	IV Resum en català
	Agraïments
	Chapter 5: Introducció
	Metabolòmica
	Metaboloma
	Metaboloma humà

	Tècniques d'obtenció de perfils de metabolòmics
	Espectrometria de masses
	Ressonància magnètica nuclear

	Estratègies d'obtenció de perfils de metabolòmics

	Nutrimetabolòmica
	Estudis nutricionals
	Mètodes per a l'assessorament dietètic

	Biomarcadors
	Anàlisi de dades nutrimetabolòmiques
	Modelització estadística
	Mineria de dades
	Aprenentatge estadístic

	Ontologies
	Anàlisi de la significació biològica
	Mètodes d'anàlisi de la significació biològica
	Anàlisi de la significació biològica en nutrimetabolòmica


	Chapter 6: Objectius
	Objectiu principal
	Objectius específics

	Chapter 7: Resultats
	Desenvolupaments metodològics i de programari
	Article 1: L'ontologia de biomarcadors i aliments
	Article 2: POMAShiny
	Article 3: L'entorn de treball fobitools

	Aplicació de les eines desenvolupades
	Article 4: Avaluació de l'adherència a hàbits dietètics saludables mitjançant el metaboloma alimentari en orina
	Article 5: El metaboloma serològic relacionat amb els aliments s'associa amb un detreiorament cognitiu tardà en individus d'edat avançada

	Programari
	Paquets de Bioconductor
	POMA
	fobitools

	Interfícies gràfiques
	POMAShiny
	fobitoolsGUI
	POMAcounts



	Chapter 8: Discussió
	Chapter 9: Conclusions

	V References
	VI Appendices
	Appendix A
	Thesis publications
	Paper 1: Food-Biomarker Ontology
	Paper 2: POMAShiny
	Thesis software
	POMA use case
	fobitools use case
	Appendix B
	Other publications
	Paper 6: A polyphenol-rich diet causes increase in the gut microbiota metabolite indole 3-propionic acid in older adults with preserved kidney function
	Paper 7: Apolipoprotein E and sex modulate fatty acid metabolism in early cognitive decline
	Paper 8: A mixture of four dietary fibres ameliorates adiposity, and improves metabolic profile and intestinal health in cafeteria-fed obese rats: an integrative multi-omics approach
	Other software
	Lheuristic
	Covid19Explorer








