
Statistical contributions to

the analysis of 2D NMR spectra

in metabolomics studies :

From pre-processing workflows to 2D biomarker discovery

A thesis submitted in partial fulfillment of the requirements for the degree of

Docteur en Sciences, Université catholique de Louvain,
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circonstances. Je leur dois évidemment beaucoup beaucoup. Et merci à mes
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INTRODUCTION

Metabolomics ([Fiehn, 2002], [Weckwerth, 2003], [Krastanov, 2010], [Patti et

al., 2012], [Sevin et al., 2015] among others) mainly refers to studies of en-

dogenous metabolites observations, characterizations or changes in various bi-

ological states or media. This quite new science offers very promising tools

in many healthcare fields as it provides knowledge about metabolites fluctua-

tions usable to detect and understand biological reactions of the organism in

a fast, reasonable cost and generally low invasive way. For instance, physi-

cians need to be able to discover if an individual has developed a pathological

reaction; the pharmaceutical industry needs to evaluate if toxicological reac-

tions are developed after the administration of a new drug candidate. Until

now, such biological reactions of an organism are usually examined through the

occurrence of external endpoints.

For example, the development of a disease can be observed through the exam-

ination of fever. But these external biological endpoints are already there and

usually follow earlier changes in metabolites. Actually, any complex organism

is formed by several interlinked levels of biomolecular organization (genes, pro-

teins, metabolites). Throughout life, when an organism meets stressors, the

equilibrium of the different biomolecular levels of this organism is affected with

different time maturities (i.e. with more or less fast damages). If these distur-

bances are of sufficient magnitude, they cannot be controlled. This established

molecular disequilibrium can lead to perturbations of the health working of the

whole organism, only then translated by external endpoints.

13



14 INTRODUCTION

A metabolomic study aims to identify altered metabolites when biological

reactions occur in the organism. Based on this knowledge, the examination of

biological reactions can be linked with measurements of changes of endogenous

metabolites, what may represent a precious gain of time for patients or sick

people. Besides medical or pharmaceutical issues, metabolomics can also be of

critical interest for quality control or risk measures (food, agro-food industry,

toxicology, newborn screening, clinical chemistry, food and medicinal plants

quality control, environmental studies, etc...).

Among all the recent technical developments, metabolomics has also emerged

as a very challenging approach for drug discovery and personalized medicine.

Particularly, personalized medicine is expanding rapidly. For instance, the links

between metabolic changes, patient phenotype, physiological and/or patholog-

ical status, and treatment are now well established and have thus opened a new

area for an extended application of metabolomics in the whole drug discovery

process and, consequently, in personalized medicine ([Frederich et al., 2016],

[Baraldi et al., 2009], [Hunter, 2009] among others).

More generally, metabolomics belongs to a new family of biological fields, the

”Omics”, which studies the biological events through different biomolecular lev-

els of an organism. The Omics sciences (metabolomics, genomics, proteomics,

transcriptomics...) recently appeared consequently to progress in analytical

techniques realized since the 1990’s and aim to deeply understand biological

systems. Omics are formed by several technological platforms using multipara-

metric biochemical information derived from the different levels of biomolecular

organization (genes, proteins or metabolites).

All of these Omics sciences rely on analytical multi-technology acquisition

methods (e.g. spectroscopy and spectrometry in metabolomics), generating

large and complex multivariate datasets which require the deployment of sta-

tistical, chemometrical and bioinformatical tools ([Spicer et al., 2017], [Barupal

et al., 2018]) to be handled and interpretated. A very general view of the Omics

philosophy is shown in Fig.1.

Consequently, their high complexity has boosted new methodological devel-

opments in related scientific disciplines such as in chemometrics. In fact, most

Omics experiments provide complex multivariate datasets typically character-

ized by a high dimensionality (in this thesis, the term of ”high dimensional-

ity” always implies a number of correlated variables m much greater than the

number of available samples n).

Moreover, to study the effect of several sources of variation on biological sys-

tems, omics studies often need and follow multifactorial experimental designs.
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Figure 1: The Omics perspectives (from https://www.slideshare.net/

SN-CM/big-data-14647516).

In this context, the first crucial experimental step is to define a controlled

objective to understand and to explain. Practically, this thesis will deal with

datasets which contain different groups of subjects (Fig.2). For instance,

if a disease is of interest, it is then crucial to work with samples of ill and safe

subjects, or suffering from different levels of the disease (the cases involving

more than two groups can also be taken into account). Basically, these groups

will refer to the main signal, or the valuable information, in the experiments

presented in this thesis.

This notion of groups is a key notion as all the subsequent work will focus

on the discriminant information contained within each of the available data

sources (via the study of the level of the initial informative content of these

sources and clustering-based diagnostic criteria) and on the reasons of these

discriminations (thus leading to feature selection, biomarker discovery ([San

Cristobal et al., 2013]) and prediction purposes).

In this work, ”data sources” refers to all kinds of data, or data sets, po-

tentially in use during a particular metabolomics study, considering different

https://www.slideshare.net/SN-CM/big-data-14647516
https://www.slideshare.net/SN-CM/big-data-14647516
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Figure 2: Illustration of a metabolomics study with two groups (ill and healthy
people).

acquisition techniques, different acquisition parameters and/or the use of dif-

ferent pre-processing tools and workflows.

Concerning the initial data acquisition, two main techniques, linked with dif-

ferent scientific domains, exist to feed the metabolomics studies and experi-

ments specifically: NMR (Nuclear Magnetic Resonance spectroscopy, [Beckon-

ert et al., 2007], [Leenders et al., 2015]) and MS (Mass Spectrometry, [Dettmer

et al., 2007], [Courant et al., 2014]).

Mass Spectrometry is supposed to be more sensitive than 1D 1H-NMR (pro-

ton NMR spectroscopy) but requires a pre-separation of the metabolic com-

ponents using either gas chromatography (GC) after chemical derivatisation,

liquid chromatography (LC), or methods of ultra-high-pressure LC (UPLC).
1H-NMR has advantages in terms of minimal sampling processing, quantita-

tive calibration and minimal invasiveness [Lindon et al., 2003]. Note that (1)H-

NMR is initially more devoted to untargeted metabolomics, since it allows in

theory to detect all the molecules present in the sample of interest (several

hundred and quantification of several dozens), whereas MS is initially more

devoted to targeted metabolomics.

Identifying and dosing metabolites is very important in metabolomics, that is

why NMR has clearly an important role to play, even if the future is doubtless

in the integration of the data.

The NMR and MS data acquisition techniques can be numerous. Within each

of these techniques, the variants can be also very numerous and the spectrom-

eters can be more or less powerful or recent. Parameters of acquisition can

be tuned, external conditions may differ. All this leads to a very important

quantity of potential information (i.e. data sources) to treat.

For NMR experiments, biological samples (e.g. blood, urine, serum, tissue, ...)

are typically collected from subjects presenting different states of a reaction of

interest. For example, samples can be collected from people or animals with and
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without the contact with a pathological agent. Only the first ones are assumed

to have biologically reacted by the disease. The concentration of metabolites

in biofluid samples is supposed to be altered according to the presence or the

degree of the biological reaction of the subject at the sample time. Analytical

technology is then used to reveal the composition of metabolites in the samples.
1H-NMR techniques generate spectral profiles describing the structure and the

concentrations of metabolites contained in collected biofluid samples.

NMR is the name given to a technique that exploits the magnetic properties of

certain nuclei: in a magnetic field, NMR active nuclei absorb energy at a char-

acteristic frequency of the isotope and radiate this energy back out. 1H-NMR

spectroscopy is the application of nuclear magnetic resonance with respect to

Proton, in order to determine from the irradiated energy the structure and con-

centration of its molecules [Silverstein et al., 2014]. Note that Carbon NMR,

or 13C-NMR, is also well known but generally less sensitive and not sensitive

enough for metabolomics studies.

Fig.3 presents a general scheme of a metabolomics study leading to the dis-

covery of endogenous modified metabolites linked with a specific biological

reaction.

Figure 3: The general scheme of a metabolomics study (from [Rousseau, 2011]).
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In this thesis, the emphasis is mainly on two-dimensional NMR techniques,

and in particular on 2D COSY (COrrelation SpectroscopY). The well-known

and widely used 1H-NMR is also considered throughout this work as a ro-

bust way of comparison (see Section 1.1). COSY is called ”homonuclear” and

is a method which gives data plotted in a space defined by two frequency

axes rather than one. Two-dimensional NMR spectra are supposed to provide

more information about molecules than one-dimensional NMR spectra and are

especially useful in determining the structure of a molecule, particularly for

molecules that are too complicated to visualize when using one-dimensional

NMR. Specifically, 2D spectra, as COSY, allow to detect more easily multi-

peaks molecules, whose peaks can overlap with other molecules’ peaks in 1D

representations (see 1H-NMR limitations in Section 1.1.2).

The first two-dimensional experiment, COSY, was proposed by Jean Jeener in

1971. This experiment was later implemented in [Aue et al., 1976] and [Martin

and Zekter, 1988]. In Section 1.1, a general comparison between 1H-NMR and

COSY spectra is provided and the use of 2D data will be motivated. The

COSY data acquisition process is also fully detailed in Section 1.1.3.

Once all the available data sources, as defined previously, are obtained for a

particular study, different pre-processing methodological steps can be applied

or not. The choice to apply pre-processing may increase again the amount of

available information. The main pre-processing steps are detailed in Section

1.2. In this section, two innovative workflows about the handling and the statis-

tical treatment of 2D spectral objects are detailed specifically. Actually, the use

and the main pre-processing steps applied on 1D spectra in metabolomics stud-

ies are well known and well mastered ([Martin et al., 2017], [Xia and Wishart,

2016] for very recent examples), but it is not totally the case for 2D ones, and

in particular for COSY spectra (but it is universally the same philosophy for

any other 2D data sources). By introducing the Global Peak List (GPL)

concept (Section 1.2.2.1) and the Vectorization approach (Section

1.2.2.2), these two workflows represent the first contribution of this

thesis.

To face this data source diversity, it is then very important and challenging

to quantify their quality in order to select the best one for further statistical

modelling and predictions. The above mentioned presence of groups of in-

terest in the datasets is all making sense here. These groups correspond to

the signal, the main information we want to capture, independently of any

external sources of noise. Naturally, unsupervised clustering algorithms are

adapted to identify these groups. In Section 1.3, such algorithms are discussed

and different quality measures are presented in order to diagnose and evalu-
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ate the final amount of captured signal linked with the use of a specific data

source. All these clustering quality measures are grouped together in

the so-called Metabolomic Informative Content (MIC, Section 1.3.2)

concept which represents the second main contribution of this thesis

in the field of metabolomics.

When considering a whole experimental design, the possible use and added

values of other techniques like ASCA (ANOVA-Simultaneous Component Anal-

ysis), APCA (ANOVA-Principal Component Analysis) and ICA (Independant

Component Analysis) will be also mentioned in Sections 1.3.3 and 1.3.4.

In average, MIC indexes or ASCA/APCA/ICA studies ideally lead to the

emphasis of a ”best” data source, which allows to capture the signal (i.e. to

discrimine the groups) in the best possible way. This data source would then be

chosen to advantageously perform further statistical studies to discover relevant

biomarkers and to make predictions. In Section 1.4, the biomarker discovery is-

sue and challenges in metabolomics are deeply discussed. From PCA (Principal

Component Analysis), PLS (Partial Least Squares) and OPLS (Orthogonalized

PLS) regressions to more advanced sparse algorithms, an overview of different

existing methods is presented. An innovative algorithm is then proposed:

the L-sOPLS (Light-sparse OPLS, Section 1.4.5), which represents

the third key contribution of this thesis.

Apart from PLS-based algorithms, some additional works about other ad-

vanced sparse techniques are mentioned in Section 1.4.6.

The notion of sparsity is crucial in such methods. Most of the time, (O)PLS

methods lead to a high number of biomarkers considered of interest for fur-

ther investigations in metabolomics experiments, which may quickly induce

difficulties of interpretation. If the decision rule is based on highest absolute

coefficients, the choice of a threshold to determine what is of interest and what

is not is inevitably needed. But what threshold to use? This question is quite

subjective. To make this decision more objective, a solution is to maintain the

more significant biomarkers’ coefficients and to force the other ones to be equal

to zero. This represents the key basis of the sparsity ([Hastie et al., 2015])

and leads to the additional application of some penalties. Moreover, a lighter

and more interpretable model, not less efficient or relevant, should be ideally

provided to final users for medical decisions, treatment adjustments, etc.

Of course, the quality of prediction of the sparse alternatives must be assessed

and, sometimes, a compromise between predictive performances and sparsity

needs to be found.
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After a brief summary of the different datasets used throughout this thesis in

Section 1.5, the main results and lessons will be discussed in Section 1.6.

The idea is to visualize a whole process leading to best practices, implying

successive questions as follows:

• Which are the potential data sources? 1D or 2D? How to cleverly handle

them?

• Which are the best and more suitable pre-processing steps to apply?

• Which data sources provide the best Metabolomic Informative Content

(MIC) performances in average?

• Which is the best modelling algorithm in order to find a reasonable pool

of relevant biomarkers?

Globally, the main goal of this thesis is then to try to answer in

the best way these successive questions and to propose some novel

elements for each step (GPL and Vectorization workflows for 2D

COSY spectra, MIC, L-sOPLS).

This work is a thesis based on published or submitted original sci-

entific papers. Sections 1.1 to 1.7 will then refer constantly to papers

referenced as Paper I to Paper III. These three papers are integrally

available in their original versions in Chapter 2, 3 and 4 respectively.

Only the page layout was harmonized. Note that some notations can very

slightly differ from a paper to another.

In Chapter 5, a draft for a fourth paper is presented and concerns the use

of faster COSY acquisition experiments in order to solve the prohibitive 2D

acquisition times drawback.



CHAPTER 1

THE ANALYSIS OF 2D NMR SPECTRA IN

METABOLOMICS STUDIES: from pre-processing

workflows to 2D biomarker discovery

In Chapter 1, an overview of the whole thesis is deeply presented, with constant

references to scientific Papers I to III (fully available in subsequent chapters).

This chapter is built with the aim of being as far as possible self-content.

1.1 NMR spectroscopy: the 1D vs. 2D spectral

data sources

In this section, an introductory description is provided for both 1H-NMR and

2D COSY spectral data sources. Note that this work aims to use and analyse

the final spectral data. Therefore, the stages preceding the acquisition of the

raw spectra (directly usable for pre-processing and statistical purposes) will

not be described in great details. The potential limitations specific to 1D

NMR spectroscopy are exposed (Section 1.1.2) and the benefits of 2D COSY

are highlighted accordingly (Section 1.1.3).

21



22
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

1.1.1 The 1D 1H-NMR spectroscopy: basics

As already mentioned in the introduction and based on different potential me-

dia (urine, blood, serum, ...), 1H-NMR spectroscopy represents a widely and

routinely used and well-known analytical technique employed for metabolomics

studies, along with the family of Mass spectrometry tools. Now, 1H-NMR spec-

troscopy finds applications in several areas of sciences as the structural deter-

mination of organic compounds. The use of 1H-NMR for metabolic studies was

described as early as 1977 when it was shown that proton signals could be ob-

served from a range of compounds in a suspension of red blood cells, including

lactate, pyruvate, alanine and creatine [Brown et al., 1977].

1H-NMR uses the magnetic properties of hydrogen-1 nuclei (1H or proton):

in a magnetic field, these nuclei absorb energy from applied pulse of an ad-

equate frequency and radiate this energy back out after the pulse. 1H-NMR

spectroscopy uses this later energy in order to evaluate the physical, chemical

and biological properties of matter.

As the selected nuclei, proton is characterized by a particular magnetic mo-

ment and by nuclear spins having two possible basic orientations, the Alpha

and Beta levels. The Alpha which aligns spins with the field (north of the

nucleus to south of the field and vice versa) is the low energy orientation. The

Beta orientation has the north poles and south poles facing. This, as expected,

is the high energy orientation. NMR basically consists in transferring spins

from the Alpha level to the Beta level via Larmor frequencies ([Dixon, 1984],

see Fig.1.1).

In this context, the first state of a NMR experiment is the magnetization

(noted B0 in Fig.1.1, inside an NMR instrument the sample is exposed to

a very strong magnetic field). Then, in modern NMR, radiofrequency (Rf)

is applied in the form of pulses. A pulse can be defined as a Rf irradiation

sequence with pre-established amplitude and period. It is the excitation step.

The energy from the radiofrequency pulse is enough to flip the nuclei from its

Alpha position to the Beta.

After the excitation step, a relaxation time in needed so that the nuclei relax

back to its Alpha position. The excitation/relaxation sequence is repeated

several times (thus implying several scans) and successive measurements are

recorded between the Rf pulse and the relaxation time.

The information recording and acquisition leads to Free Induction Decays

(FIDs). A FID is an interferogram which reflects the absorption and relaxation

curve after the disturbance engendered by the pulse. A FID contains all the



1.1. NMR spectroscopy: the 1D vs. 2D spectral data sources 23

Figure 1.1: From Alpha to Beta: magnetic basis for NMR phenomenon (figure
provided by Pascal de Tullio, http://chem.ch.huji.ac.il/nmr/whatisnmr/
whatisnmr.html).

sample signals, all the signals linked with an internal reference and background

noises.

Basically, the FID of a single component is characterized by three elements: its

frequency υ (in Hertz), an amplitude s0 and a decay T2 (see the upper part of

Fig.1.2). The frequency υ corresponds to the Larmor frequency ([Dixon, 1984])

of the 1H nuclei emitting the FID component and attests of the presence of a

given chemical group in the sample. The concentration of the 1H nuclei involved

in this chemical group is proportional to the amplitude s0. During the 1H-NMR

experiment, several kinds of 1H nuclei with different Larmor frequencies emit

s(t) with specific values of υ, s0 and T2. Being the sum of all these components,

the recorded FID has a quite complex form (see the bottom part of Fig.1.2)

http://chem.ch.huji.ac.il/nmr/whatisnmr/whatisnmr.html
http://chem.ch.huji.ac.il/nmr/whatisnmr/whatisnmr.html


24
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

which can be simply described as a function of time with real and imaginary

parts:

S(t) = Sx(t) + i.Sy(t). (1.1)

Figure 1.2: The characteristics of the FID component and a proper FID.

Upstream pre-processing steps, including a Fourier transformation, transform

the individual FID in a frequency spectrum with the aim to render subsequent

analysis easier, robust and accurate. These methods tend to reduce sources

of variation, external noise and potential artefacts which are not of interest or

which might interfere with further statistical data analyses. The Fourier Trans-

form (FT) is used to recover from the FID the different molecular components

involved in its formation. The FT represents each recovered FID component by

a peak in a frequency domain spectrum. The final aspect of a spectral peak is

determined by different parameters (again the initial frequency, the amplitude
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and the shape of the decay [Claridge, 2016]). The resulting spectrum is the

translation in a frequency domain of the FID time domain signal.

The position of a peak expresses the frequency of emission and attests the

presence in the sample of a proton with specific electron surrounding. Note

that small interactions (couplings) between different protons involved in a same

molecule can lead to the appearance of several peaks for a same group of proton

(the so-called ”multiplicity of peaks”, see Fig.1.3 which represents the ethanol
1H-NMR spectrum). Based on established couplings of peaks, the molecules

contained in the sample are deduced from the observation of several peaks

in some specific positions. The area under any peak is proportional to the

concentration in the sample of the kind of proton emitting at this frequency

[Tofts and Wray, 1988]. Consequently, the concentration of a molecule in the

sample may be obtained from the areas under its corresponding spectral peaks.

Peak areas estimation is most of the time realized by integrals.

It must be noted that the scale in Hertz is finally calibrated and converted into

a chemical shift vector expressed in ”parts per million” (ppm), a dimension-

less scale that is unrelated to the magnetic field strength of the spectrometer

([Keeler, 2010], [Martin et al., 2017]). By the way, the frequencies expressed in

ppm are independent of the used spectrometer.

Besides the Fourier Transform step, allowing to work on the basis of a fre-

quency domain, other supplementary pre-treatments have to be performed be-

fore the spectra become fully and statistically exploitable. Indeed, due to

instrumental 1H-NMR parameters and limitations, the original data inevitably

contain noise or artefacts. Considering the biological character of the samples,

the spectra are also altered under the influence of pH, diuretic fluctuations,

waiting times, bacterial contaminations among others.

At this level, three main inherent problems can occur:

• Phase shift (or peak disturbances). For instrumental reasons, the axis

along which the signal appears cannot be predicted, so in any practical

situation there is an unknown phase shift. In general, this leads to a

situation in which the real part of the spectrum (which is normally the

displayed part) does not show a pure absorption lineshape. For phase

correction, frequency independent (0-order) or frequency dependent (first

order) solutions are generally used. In practice, to phase the spectrum

correctly usually requires some iteration of the zero- and first-order phase

corrections ([Keeler, 2010]).

• Baseline artefacts (see Section 1.2.1 for solutions).
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Figure 1.3: The multiplicity of peaks issue: the example of the ethanol 1H-NMR
spectrum (figure provided by Pascal de Tullio).

• Calibration. The zero on the ppm axis is generally adjusted on a ref-

erence signal, usually the TMSP (trimethylsilylpropionate) signal. Two

principal methods may be used for metabolite quantification in 1H-NMR:

the absolute method with reference to an internal standard compound,

and the calibration approach with reference to some calibration model.

All these problems modify the quality of the spectral description of metabo-

lites and/or create spectral variations that are non-informative for statistical

purposes and for the biomarker discovery goal. Data pre-processing aims at re-

moving these undesired variabilities. A data pre-processing scheme consists in a
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combination of operations based on statistical and/or mathematical principles,

performed on time or frequency 1H-NMR data.

For 1D 1H-NMR, these operations are discussed in Section 1.2.1 and are fully

explained in [Rousseau, 2011] and [Martin et al., 2017].

Finally, a typical obtained 1H-NMR spectrum of urine sample contains thou-

sands of sharp lines from predominantly low molecular weight metabolites (see

the upper part of Fig.1.4, [Duarte et al., 2014]). Blood contains low and high

molecular weight components, and this gives a wide range of signal line widths

(see the lower part of Fig.1.4, [Duarte et al., 2014]). Broad bands from pro-

tein and lipoprotein signals contribute strongly to these 1H-NMR spectra, with

sharp peaks from small molecules superimposed on them. Spectral databases

respectively exist to identify molecules in urine and blood spectra according to

the positions of spectral peaks.

1.1.2 The 1D 1H-NMR limitations for metabolomics stud-

ies

As already mentioned, the 1H-NMR data source is a standard in the field of

metabolomics and very powerful pre-processing and analytical tools adapted

to these data still demonstrate their potential. Nevertheless, when the studied

medium is very rich in different metabolites and/or when the design is by

construction uncontrolled (for instance without spiked metabolites or products

during the experiment), it is natural to observe a very large number of peaks.

Based on complex biofluids, a resulting 1H-NMR spectrum can be interpreted

as a superimposing of individual spectra, each stemming from a particular pure

metabolite.

In this context, different problems can occur. In metabolomics analyses, the

presence of a huge amount of water and sometimes large proteins leads to un-

desired and over-represented signals that could mask the metabolites signals.

These effects are generally reduced upstream via the use of devoted sequences

(respectively noesypresat ([Wright et al., 1995]) for water and the cpmg ([Mei-

boom and Gill, 1958], [Loria et al., 1999]) routine for proteins) which are avail-

able for instance in Bruker softwares.

A more major and usually encountered problem involves signals which overlap

heavily, with ambiguous or overlapping resonances (due to the presence of

numerous metabolites and to the multiplicity of peaks). In other words, a peak

associated with a high intensity in these cases is not necessarily and directly

linked with a single metabolite but may be linked with several aggregated ones,
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Figure 1.4: High resolution 1H-NMR spectrum of urine (top) and of blood
serum (bottom) on a ppm scale.

with very similar chemical shifts. This leads to a significative loss of information

about the masked metabolites and to difficulties of identification.

Generally, two cases often occur: for a same metabolite, all its peaks can

overlap (as in Fig.1.5); and peaks associated with different nearby metabolites

can overlap too (as in Fig.1.6).

Fig.1.5 shows an illustration based on the octane hydrocarbon, where the

theoretical number of signals may not equal the observed number because of

overlap.

In a more quantitative regard, 1D NMR is a recognized method for quan-

titative analysis ([Malz and Jancke, 2005] [Pauli, 2001]) with applications in

various fields such as metabolism studies (ex: [Billault et al., 2004]) or the au-
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Figure 1.5: NMR overlapping proton signals: protons b, c and d are roughly in
the same environment, and their chemical shifts are also about the same (from
[Giraudeau, 2010]).

Figure 1.6: Nortropine and tropine molecules, and 1D spectrum of an equimolar
mixture of these molecules showing the overlap of some of the peaks (from
[Giraudeau, 2010]).

thentication of bio-based products (ex: [Tenailleau et al., 2004]). This method

has however some limitations, in particular when the above-mentioned overlap
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between 1D peaks is such that it is impossible to determine the area under these

peaks with a good correctness and a good precision. This is the case when the

1D spectrum is concerned by numerous couplings, or when we want to mea-

sure mixtures of similar compounds. Indeed, when two molecules have nearby

structures, their 1D spectra are very close and the 1D spectrum of a mixture

of these two molecules does not allow to quantify them separately ([Giraudeau,

2010] and see an example in Fig.1.6).

Finally, metabolite chemical shifts are sensitive to the chemical environment

and subtle matrix effects, such as differences in pH and ionic strength, generally

lead to inter-sample peak position variations ([Weljie et al., 2006] [Tredwell et

al., 2016]).

Unlike the water and proteins issues, there is no obvious answer to solve the

1D overlapping issue. In Section 1.1.3, the use of 2D data sources instead of

1D is deeply promoted and argumented in this way.

1.1.3 The 2D NMR alternatives and the COSY experi-

ment

To address the potential problems of multiplicity and overlapping encountered

in 1D NMR, some 2D spectroscopy techniques have been considered these re-

cent years for metabolomics purposes. Depending of the complexity of the

molecules, 2D NMR gives a different kind of additional informations than 1H-

NMR. Interactions between different nuclei can be displayed more concretely.

Technically, these interactions can be seen in the 1H-NMR spectrum through

homonuclear coupling constants (which measure the interaction between a pair

of protons usually in frequency units, Hz). But for compound with a certain

level of complexity, full peaks overlapping or very similar coupling constants

will likely occur, which is where 2D NMR comes into play.

In two- (or multi-) dimensional NMR spectroscopy, multipulse sequences are

employed to provide additional information not obtainable (or not easily ob-

tainable) from one-dimensional spectra. The most useful and commonly used

forms of 2D NMR spectroscopy provide correlations between proton (or other

NMR-active nuclei) signals based on some interaction between them, most fre-

quently J-coupling (H-H, H-C (carbon) or even C-C), but it could also be

dipolar coupling (the NOE interaction), rates of chemical exchange or relative

diffusion rates.

Among many others, some common types of 2D experiments are of interest

for metabolomics analysis and are shortly listed below:
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• COSY (COrrelation SpectroscopY). As a homonuclear correlated spec-

troscopy tool, COSY is based on the correlation between protons that are

coupled to each other ([Bax and Freeman, 1981]). Many modified modern

versions of the basic COSY experiment are tested in recent literature.

• TOCSY (TOtal Correlation SpectroscopY, also referred to as the HO-

HAHA experiment, [Dalvit and Bovermann, 1995]). TOCSY uses a spin-

lock for coherence transfer. During the spin-lock all protons of a coupled

system become ”strongly coupled”, leading to cross peaks between all

resonances of a coupled system. It has some advantages over COSY as

long-distance couplings can be detected (in COSY small couplings can

give very weak cross peaks because the peaks are antiphase).

• HSQC (Heteronuclear Single Quantum Coherence). HSQC is a heteronu-

clear correlation experiment, usually between 1H and 13C resonances,

which uses proton detection of the 13C signals using an INEPT sequence.

It shows higher resolution in the C-dimension than does related experi-

ments like HMQC (Proton detected heteronuclear multiquantum coher-

ence, [Bax and Summers, 1986]).

• HMBC (Heteronuclear Multi-Bond Connectivity). This experiment is a

lot like HMQC, but it is optimized to detect proton-carbon correlation

over two and/or three bonds. Although the sensitivity is better than

direct detection methods, it is still not optimal, since the magnetization

has to be transferred twice, first from proton to carbon and then back

to proton via weak long-range interactions, which require relatively long

delay times and thus much opportunity for loss of signal intensity by

times of relaxation. For distinguishing two from three-bonds coupling,

see [Kock et al., 1996].

Note that the COSY and TOCSY experiments provide symmetric final 2D

spectra, because of their homonuclear basis. Being heteronuclear, it is not the

case for HSQC and HMBC. HSQC and HMBC are also less sensitive for deep

metabolomics studies and generally require longer analysis times.

In this thesis, the COSY experiment is used as a matter of priority because

it is probably the most useful and the most popular of all 2D NMR experiments

([Xi et al., 2006], [Marchand et al., 2017]), and it provides easily accessible

information about coupling pathways. COSY provides a high level of sensitivity

and structural information. The COSY pulse sequence in its simplest form is

shown in Fig.1.7 (note that there are many variants with additional pulses for

achieving higher quality correlations and removing artefacts).
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Figure 1.7: The 2D COSY pulse sequence (right) compared with the
1D pulse sequence (left) (adapted from http://thcgerm.free.fr/IMG/pdf/

RMNMutidimensionnelle_PBerthault.pdf).

COSY is used to identify spins which are coupled to each other. It consists

in a single radiofrequency pulse (p1) followed by the specific evolution time

(t1) followed by a second pulse (p2) followed by a detection and measurement

period (t2). Practically, during the t1 period, each of the signals is labeled by

the chemical shifts and couplings. After the second 90o pulse, the component

of the magnetization which used to be in the y′ direction is now in the z-

direction, and becomes undetectable. Only the component in the x′ direction

evolves and is detected during collection of the FID. What cannot be shown

in vector diagrams is that during the t2 period the magnetization in the x− y
plane contains components from both the nucleus observed as well from the

frequency of its coupling partner, mediated by the coupling between them.

When the spectra are Fourier transformed in the t1 dimension, the normal

coherence is detected, such signals appear along the diagonal of the resulting

2D spectrum. In addition, the coherence from the frequency of the coupled

partner is also detected and results in cross peaks at that position ([Bax and

Freeman, 1981]).

In other words, the variation of the evolution time t1 in a collection of experi-

ments provides an identification of the spins where the magnetizations originate

([Gu et al., 2009]). The result is a collection of FID measurements (Fig.1.8 left),

http://thcgerm.free.fr/IMG/pdf/RMNMutidimensionnelle_PBerthault.pdf
http://thcgerm.free.fr/IMG/pdf/RMNMutidimensionnelle_PBerthault.pdf
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whose Fourier resulting spectrum shows signals connecting the frequencies of

neighboring nuclei (Fig.1.8 right).

Figure 1.8: A schematic description of a 2D experiment: FID measurements
as a function of t1 and t2 (left) and Fourier resulting spectrum of the signal
(right) (from [Gu et al., 2009]).

Thus, final COSY spectra show two types of peaks. Diagonal peaks have

the same frequency coordinate on each axis and appear along the diagonal of

the plot, while cross peaks have different values for each frequency coordinate

and appear off the diagonal. Diagonal peaks correspond to the peaks in a 1D-

NMR experiment, while the cross peaks indicate couplings between pairs of

nuclei (much as multiplet splitting indicates couplings in 1D-NMR).

Cross peaks result from a phenomenon called magnetization transfer, and

their presence indicates that two nuclei are coupled (they have the two different

chemical shifts that make up the cross peak’s coordinates). Each coupling gives

two symmetric cross peaks above and below the diagonal. That is, a cross peak

occurs when there is a correlation between the signals of the spectrum along

each of the two axes at these values. One can thus determine which metabolite

peaks are connected to another (within a small number of chemical bonds)

by looking for cross peaks between various signals. An easy visual way to

determine which couplings a cross peak represents is to find the diagonal peak

which is directly above or below the cross peak, and the other diagonal peak

which is directly to the left or right of the cross peak. The nuclei represented

by those two diagonal peaks are coupled [Keeler, 2010].

Fig.1.9 shows a pedagogical example which highlights the informative gain

provided by a 2D COSY spectrum. Let us imagine several individuals speaking
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each a single language. When representing them on a single dimension, it can

become quickly unreadable if the number of individuals is high (middle part

of Fig.1.9). This can refer to the multiplicity and to the overlapping issues

encountered in 1D spectra when several metabolites are present in a particular

biofluid. In a 2D represention inspired by the COSY experiment (bottom part

of Fig.1.9), the individuals and their relationships (”correlations”) are much

more clear and interpretable. A diagonal peak can be seen as an individual

who understands himself, a cross peak can be interpreted as two individuals

who understand each other.

Consequently, by the addition of the cross peaks outside the main diagonal,

COSY spectra naturally contain more information than corresponding 1D spec-

tra. One of the challenges of this thesis consists in demonstrating that this extra

information is not linked only with potential sources of noise, but helps to cap-

ture the main signal (the existence of groups of samples, as already mentioned

before) and helps to discover further relevant biomarkers during metabolomics

studies. It will be shown that results in Section 1.6 and in Papers I to III are

consistent with this challenge.

Note that further technical details on the COSY technique (and secondarily

on other homonuclear and heteronuclear 2D techniques mentioned above) are

available in [Giraudeau, 2010]. It concerns for instance the double Fourier

transform step, the signal amplitude and phase modulations and the ways to

reduce noise.

Note also that faster 2D COSY NMR acquisition techniques, also detailed in

[Giraudeau, 2010] and in [Giraudeau and Frydman, 2014], are mentioned and

taken into consideration in Chapter 5 (Non-Uniform Sampling and single-scan

COSY). These faster NMR studies intend to obtain two-dimensional NMR

spectra in a shortest time by optimizing the whole pulse sequences protocol

steps.

1.2 Handling of 1D and 2D spectral data and

pre-processing workflows for 2D COSY spec-

tra

In this section, the main pre-processing tools for 1H-NMR are first discussed as

an established best practice in Section 1.2.1. In this thesis, a very important

starting intuition is made: we assume that 2D spectra are expected

to require a lower level of pre-processing to express at least as much
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Figure 1.9: A pedagogical view of the 2D COSY additional informa-
tion compared to 1D representations (adapted from https://docplayer.fr/

6372253-La-resonance-magnetique-nucleaire-rmn-dr-julien-furrer-1.

html).

information as corresponding 1D ones. In other words, this assumption

https://docplayer.fr/6372253-La-resonance-magnetique-nucleaire-rmn-dr-julien-furrer-1.html
https://docplayer.fr/6372253-La-resonance-magnetique-nucleaire-rmn-dr-julien-furrer-1.html
https://docplayer.fr/6372253-La-resonance-magnetique-nucleaire-rmn-dr-julien-furrer-1.html
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places trust in the fundamental relevance and quality of the additional infor-

mative content inherent in the 2D spectral data sources (see Section 1.1.3).

Handling a whole set of 2D spectra is not an obvious and usual task in

metabolomics studies. Section 1.2.2 presents two novel devoted workflows: the

Global Peak Least (GPL) one and the Vectorization one. These workflows

represent the first contribution of this thesis.

1.2.1 Typical pre-processing steps for 1H-NMR

As the 1H-NMR data source is widely used in metabolomics studies, the key

pre-processing steps to apply on it are known and increasingly well-controlled.

These main steps are briefly discussed here. Interesting further details can be

found in [Martin et al., 2017] with the use of the PepsNMR R package.

As already mentioned, 1H-NMR spectra can be altered by overlaps, artefacts,

external noise factors or systematic peak misalignments. In the analysis of

biological samples, control over experimental design and data acquisition pro-

cedures alone cannot ensure well-conditioned 1H-NMR spectra (with a maximal

signal recovery for instance). But another major point can affect the accuracy

and robustness of final metabolomics analyses: the data pre-processing itself.

The usual approach is to use proprietary software provided by the analytical

instruments’ manufacturers to conduct the entire pre-processing strategy. This

widespread practice has a number of advantages such as a user-friendly inter-

face with graphical facilities, but it involves non-negligible drawbacks: a lack

of methodological information and automation, a dependency of subjective hu-

man choices, the limitation to standard processing possibilities and a lack of

objective quality criteria to evaluate the whole pre-processing quality.

To solve these issues and to provide clean inputs for further statistical models,

a list of tools are generally performed on the raw spectra. The main steps

are presented in the green part1 of Fig.1.10 and are the following ones (the

PepsNMR workflow presented in [Martin et al., 2017] is taken as reference

here):

• Zero order phase correction. For technical reasons, a spectrum can exhibit

a zero order phase shift error of a certain angle φ0. This phase shift

1It is very important to distinguish what is within the competence of initial treatment (in
blue in Fig.1.10) at the FID level, and therefore before the acquisition of raw spectra, and
what concerns the ”pre-processing” itself (in green in Fig.1.10). Relevant statistics cannot
be made in the blue part, what motivates the choice not to develop and focus on the steps
included in the blue part in this thesis. Thus, all the statistical contributions contained in
this thesis have to be considered once the raw spectra are acquired and available.
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Figure 1.10: Complete flowchart for 1H-NMR data pre-processing (from [Mar-
tin et al., 2017])

is independent of the spectral frequencies. To solve this problem, an

optimal angle φ0 has to be found by maximizing an adequate criterion of

the positiveness of the real part of the spectrum.

• Referencing with an internal standard. In order to be more reliable, with

a more accurate alignment between spectra, the scale can be referenced

to a known standard, i.e. an internal reference compound whose chemical

shifts are minimally influenced by external factors (temperature or con-

centration) and ideally located outside the spectral region to be clearly

identifiable. The reference compound used in NMR is usually a silane

derivative such as Trimethylsilylpropionate (TMSP). The chemical shift

of these standard peaks is referenced to 0 ppm by convention.
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• Baseline correction. Ideal spectra are expected to have a flat baseline but,

even after phase correction, baseline artefacts can still appear. These

artefacts result from multiple sources, such as the presence of macro-

molecules or calibration errors from the initial pulse [Euceda et al., 2015].

Baseline distortions in 1D NMR spectra are also mainly caused by the cor-

ruption of the first few data points in FID (free induction decay). These

corrupted data points add low frequency modulations in the Fourier-

transformed spectrum, and thus formed the distorted baseline. Correc-

tion of these distortions is a necessary step in NMR spectra data pro-

cessing because they offset the intensity values and result in inaccuracy

in peak assignment and quantification. These errors could be critical

in the study of metabolomics, which involves many small but statisti-

cally significant peaks that are sensitive to baseline distortions. Incorrect

quantification of these peaks may result in failures in detection of im-

portant metabolites or identifying potential biomarkers ([Xi and Rocke,

2008]). It is critical to solve this issue with an appropriate methodol-

ogy in order to enhance the warping efficiency and to perform accurate

data analysis on meaningful and unaltered peak shapes. Several algo-

rithms are suggested and mainly involve iterative penalized least squares

methods, robust baseline estimation, iterative polynomial fitting, local

means or wavelets transforms ([Liland et al., 2010], [Marion, 2016], [Eil-

ers and Boelens, 2005] for instance). Fig.1.11 shows a simple illustration

of baseline correction for a simple 1D 1H-NMR reference spectrum of DSS

(2,2-Dimethyl-2-silapentane-5-sulfonic acid) with 65536 data points.

• Negative value zeroing. Despite the application of baseline and phase cor-

rections, spectra may still have negative intensities at specific frequency

values. This step simply sets all these negative values to zero since they

cannot be properly interpreted.

• Warping. In metabolomics applications, due to the nature of biological

samples and variations in experimental conditions (e.g. pH, temperature

or concentration), peak shifts, or misalignment between identical features

from different spectra, are observed. In the literature, peak alignment so-

lutions commonly applied to NMR spectra are warping and bucketing.

Warping will indeed enhance the similarity between profiles by the way of

shifts, stretches and/or compressions along their horizontal axis. Recent

reviews by [Bloemberg et al., 2013], [Vu and Laukens, 2013] and [Eil-

ers, 2004] report the advantages and drawbacks of the most important

warping procedures for signal alignment, such as parametric time warping

(PTW), semi-parametric time warping (SPTW) or dynamic time warping

(DTW), among others.
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Figure 1.11: Baseline correction by penalized parametric smoothing method.
(A) Original 1D proton NMR spectrum of DSS reference with distorted base-
line. (B) Detected baseline curve by penalized parametric smoothing method.
(C) Corrected spectrum after baseline subtraction (from [Xi and Rocke, 2008].

• Window selection. In order to focus the data analysis on particularly

informative spectral areas, one can trim the spectral window between

right and left ppm chemical shift bounds, thus decreasing the number of

descriptors m in the spectrum.

• Bucketing. The high dimensionality of the data and small residual peak

shifts can impede future multivariate data analyses [Liland, 2011]. Buck-

eting integrates the original spectral intensities into predefined intervals.

Since the warping already corrects for chemical shift misalignments, a

soft bucketing technique is sufficient to smooth and correct for small re-

maining deviations, provided that shifts of a same peak are small enough

to be included in the same interval. Also called data reduction, bucketing
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therefore reduces the number of potential descriptors. In this step, there

is a trade-off between keeping all the spectral information and removing

peaks shifts as well as decreasing the total number of descriptors.

• Region removal or aggregation. Resonances without interest can eventu-

ally alter data analysis introducing unwanted variation. With biological

samples, one major problem is the presence of water resonance residu-

als and positive values created by the baseline correction step, even with

a previous application of pre-saturation and solvent signal suppression

techniques [Smolinska et al., 2012].

• Normalization. Normalization is defined as an operation where each spec-

trum is multiplied by a constant term. It mostly addresses the dilution

factor problem: variations in absolute concentrations can be observed

between biofluid samples whereas data analysis focuses only on relative

peak differences between them. Typically, the constant sum normaliza-

tion (CSN) technique is very popular and advised for urine, sera, cell me-

dia or biopsy samples where large differences between groups of patients

are not expected. Guidance on the choice of a normalization approach

based on the type of sample of interest can be found in [Wu and Li, 2016].

Once every individual spectrum has been submitted to these pre-processing

transformations, all the resulting individual intensities are summarized into

a (1 × m) row vector, with m being here the final number of ppm signals

(descriptors) which can be principally tuned via the bucketing step. A whole

experimental design, implying n measures or samples, is then fully represented

into a (n×m) matrix by stacking all the individual spectral vectors.

These steps, along with the other steps applied upstream on the raw FIDs (in

blue in Fig.1.10), were put into practice, in diverse degrees, every time 1D data

were used within the framework of this thesis.

By ”diverse degrees”, it must be noted that some steps can be optional (ac-

cording to the nature of the used medium and to the chosen level of pre-

processing) and are submitted to tuning parameters.

1.2.2 Pre-processing workflows for 2D spectral data

As discussed in Section 1.2.1, good practices are well established and known for

pre-processing 1H-NMR spectral data before statistical modelling. However, it

is nowadays not the case when using 2D data sources. A few years back, de-

cisions were often taken only on the basis of graphical comparisons between

individual 2D spectrum (visualizing differences between peak positions from a
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spectrum to another, or between peak intensities, for example in [Schroeder

et al., 2007]). These practices were obviously subjective and inadequate when

trying to highlight small variations. More recently, image processing or graph-

ical tools contributed to semi-automate the process ([Xia et al., 2008]), but

automation is not generalized yet for 2D spectra handling and pre-processing.

In this context, the use of 2D NMR data sources is very far from competing

with the standard use of 1H-NMR.

In this thesis, two novel dedicated workflows are presented to fully handle

2D NMR COSY spectra, from each raw individual spectrum involving in an

experimental design to a global object containing all the information for further

statistical analyses. The Global Peak List (GPL) one is presented in Section

1.2.2.1. The Vectorization approach is presented in Section 1.2.2.2. These two

workflows are displayed in Fig.1.12 and are fully detailed in Paper III.

It is crucial to repeat that our initial intuition is that 2D spectral data, as

COSY, require a less advanced pre-processing level than corresponding 1D

spectra. A priori, if the additional information contained in the 2D data is

sufficiently relevant, fewer efforts may be needed for their pre-processing.

It is also very important to note that the GPL and Vectorization approaches

may be generalized and applied on any 2D spectral sources (Section 1.1.3)

implying similar structures, issued from NMR, Mass Spectrometry or others,

and are not specifically dedicated to COSY spectra.

1.2.2.1 The Global Peak List (GPL) workflow

Any initial point of a 2D spectrum (for instance COSY) can be summarized

with only three items: its two ppm coordinates and its intensity (which corre-

sponds to the integral under the point).

For this reason, it is relatively natural to store a whole individual 2D spectrum

into a corresponding 3-columns matrix. Because a 2D spectrum contains a lot

of empty areas, with intensities very close to zero, this matrix can be reduced in

order to only reveal existing detectable peaks. It is then called ”individual peak

list” and there are as many individual peak lists as individual initial measures,

or samples (n), in the experimental design.

Since every individual peak list contains the information about detectable

peaks in its corresponding spectrum, the size of each peak list is unique (with

a number of rows ti) and is not known in advance.

This notion of detectability is directly linked with the choice of a thresh-

old to determine when an intensity level begins to be relevant and can not
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Figure 1.12: The GPL and vectorization approaches workflows for 2D COSY
experiments: steps and resulting data files.
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be associated with pure noise only or background noise. This minimal level

threshold has to be maintained at a low value, empirically between 0.02 and

0.05 when using a software like ACD/Labs (ADC/NMR processor) to extract

signal from a 2D spectrum. Initially, in ACD/Labs, the minimal level thresh-

old is set according to a noise level calculated using an autodetect tool after

Fourier Transform. However, empirically, with threshold values lower than

0.02, or equal to zero in the extreme case, all the background noisy parts of the

spectrum are kept; with values higher than 0.05, some potentially interesting

peaks can be removed and lost. So, such threshold values help to avoid negative

or very small noisy intensities and don’t affect the peaks shape pattern. An

illustration is provided in Fig.1.13 where the use of a minimal threshold lower

than 0.02 involves a dramatic increase in the number of detected peaks from a

2D COSY spectrum.

Figure 1.13: Illustration of the evolution of the number of detected peaks
according to the chosen minimal ACD/Labs detectability threshold.

It is very important here to highlight that the notion of detectability has for

consequence a dimension reduction when using the GPL workflow.

In practice, note that the use of ACD/Labs to obtain the individual peak lists

from the raw spectra means that every initial spectrum, extracted in a standard

.dx format, is transformed into a 3-columns peak list, basically in a text format.
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As explained in [Davies and Lampen, 1993], the .dx format is a protocol for

the exchange of NMR spectral data without any loss of information and in a

format that is compatible with all storage media and computer systems.

As already mentioned, in scientific research, experimental design numerical

results have to be prepared and considered as a whole to allow the construction

of a global and unique object before any further simultaneous data analysis or

multivariate statistical modelling. To fully use the whole information, it is

fundamental to gather and merge the individual peak lists of size (ti × 3) in a

single and unique global object: the so-called Global Peak List (GPL).

The GPL approach was first presented in Paper I and the proper workflow

is fully described in Paper III. For an entire experimental design involving n

individual spectra, a GPL will contain information about all existing peaks (i.e.

all T peaks which appear at least one time in an individual spectrum). This

GPL is a (T×MGPL) intensity matrix. Typically, the column dimension MGPL

corresponds to 2 + n (i.e. the two ppm coordinates and the corresponding

n individual spectra peak intensities). Individual and Global Peak List are

summarized in Fig.1.14.

Figure 1.14: From individual to GPL: an overview.

In Paper I, the positions of peaks were also taken into account for subsequent

analyses, involving the potential addition of n other binary column vectors
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(with a value of 1 if the peak appears in the corresponding spectrum; and 0

otherwise). Working on the signals’ positions or, in other words, on the simple

existence of signals is motivated by a biological justification: a signal, or a

particular metabolite, can be observed or not for a particular donor or in a

particular medium. If a signal is present in detectable quantity, this presence

or absence is supposed to be stable, whereas intensities are variable from one

measure to another according to potential uncontrolled factors (from Paper I).

The number of rows (T ) of a GPL can not be known in advance. It depends of

the number of existing peaks in the experiment and can vary greatly according

to the medium of interest, the conditions of acquisition, etc... To handle this

issue, the GPL workflow proposes a way to partially control this number and

impose a selected resolution level.

In this workflow, a soft ”bucketing” step adapted to 2D COSY (but ex-

tensible to any 2D data) is used in order to control the resolution level of the

two-dimensional spectra. Practically, a variation of the number of decimals of

the coordinates is simply proposed. The intensities belonging to a ”bucket” are

then aggregated accordingly. For example, if the couples of coordinates [3.286;

4.194], [3.281; 4.189] and [3.278; 4.191] provide positive intensities INT1, INT2

and INT3 respectively, the couple [3.28; 4.19] provides an intensity equal to

INT1+INT2+INT3 when adjusting the number of allowed decimals from 3 to

2. Using this method, the width of the COSY peaks is adjusted and the size of

the resulting database is adjusted simultaneously. Furthermore, intermediate

resolutions can be computed in a similar way.

Finally, by tuning the ACD/Labs detectability threshold and/or the number

of decimals in the GPL ”bucketing” step, different resulting GPL matrices,

having different dimensions, may be generated and used to represent a same

experimental design.

These GPL matrices will be later tested and compared in terms of Metabolomic

Informative Content and of biomarker discovery efficiency (see Paper I, Paper

III and Section 1.6 for numerical results and conclusions).

1.2.2.2 The Vectorization workflow

Along with the GPL workflow, a second approach is proposed based on the

systematic vectorization of 2D COSY spectra. Unlike the GPL approach, the

Vectorization one can be directly applied on raw Bruker text files because peak

lists are not required at all. The choice of the intensity threshold when using

the ACD/Labs software is then not anymore an issue.
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The straightforward principle of this approach is fully detailed in Paper III

(see Section 4.3.2). It starts by an integration bucketing step on a full individual

2D grid similar to the 1D one but applied twice, by rows and by columns, to

obtain a first square matrix of size (MV ×MV ). For convenience with standards

in metabolomics studies, MV is often chosen equal to 256, 512 or 1024 in order

to control the resolution and to avoid truncating extremities.

The vectorization of each individual square matrix naturally leads to a (1 ×
MV

2) row vector. Finally, all the row vectors are stacked to form a global

matrix of size (n×MV
2) containing the whole information from all the initial

spectra involved in a specific design. Note that the number MV
2 is fully known

in advance via the bucketing step, while it is not the case for T in the GPL

approach.

In this resulting intensity matrix, the n spectra are represented in rows and

the MV
2 couples of ppm coordinates in columns.

In summary, the GPL workflow provides a global matrix for which the dimen-

sionality is partially controlled and allows dimension reduction by considering

detectable peaks only (according to a devoted threshold). The Vectorization

workflow provides a global matrix with a fully controlled dimensionality and

takes into account all the initial information (because, like in 1D, there is no

peak selection).

1.2.2.3 Necessary pre-processing for 2D COSY spectra

As already mentioned, a very important starting intuition throughout this the-

sis is that 2D spectral data need a lesser level of pre-processing than 1H-NMR

before statistical analyses because of the additional information they contain.

It was shown in Section 1.2.1 that pre-processing steps for 1H-NMR are cru-

cial to make the data exploitable analytically, are numerous and may be very

difficult to understand and to perform in an efficient manner. Following our

assumption, some of these pre-processing steps (such as baseline correction or

warping) are no longer critical when using 2D data sources2. But some others

are still crucial.

In the previous Sections 1.2.2.1 and 1.2.2.2, the bucketing step has been high-

lighted once again for controlling the dimensionality and to fix the resolution

of the final global matrices (obtained via GPL or Vectorization).

Along with bucketing, negative value zeroing (mainly via the ACD/Labs de-

tectability threshold) and normalization (for instance Constant Sum) of the

2For instance, the baseline correction issue is naturally solved by using the positive
ACD/Labs detectability threshold in the 2D GPL workflow.
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intensities are still necessary for 2D data. Moreover, COSY correlation peaks

have to be symmetric around the diagonal. So small non-symmetric artefacts

have to be removed3.

Also, even if a presaturation sequence is applied previously as for 1D (Section

1.1.2), the water zone, as an important source of unwanted and over-represented

variations, must be assigned to zero with a typical deletion of a square area

between 4.5 and 5.5 ppm. Some other zones have to be deleted too, according

to the nature of the used medium ([Martin et al., 2017]) and to the user’s

objective.

Finally, a log transformation of the intensities may be considered in order to

stabilize distribution variances, especially for the GPL objects.

1.3 Evaluation of the quality of the data sources

At this point of the work, it is important to understand that numerous potential

data sources can be generated within the framework of a single metabolomics

study, by taking into consideration:

• different possible data acquisition techniques (1D NMR, 2D NMR, MS,

...),

• if 1H-NMR is chosen, different scenarii during the pre-processing steps

shown in Section 1.2.1,

• if 2D NMR is chosen, different possible experiments (COSY, TOCSY,

HSQC, ...),

• if COSY is chosen, different upstream spectroscopic parameters,

• the choice between GPL or Vectorization for any 2D experiment,

• if COSY and GPL are chosen (for instance), different values for the

ACD/Labs threshold and/or for the number of decimal(s) during the

soft bucketing step,

• etc...

In other words, the amount and the variety of potentially available data can

be more and more massive under the effect of multiple acquisition methods,

multiple parameters of acquisition and/or multiple levels of pre-processing.

3This is the case for COSY and for any homonuclear 2D data sources pre-processing.
This experiments involve symmetric spectra by construction. By opposition, heteronuclear
experiments, such as HSQC, HMBC and HMQC, do not provide symmetric spectra.
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Of course, it is rarely interesting or even possible to compare a high number of

different data sources. In NMR-based metabolomics, as already said, 1H-NMR

is widely used and 2D (COSY or other) is still not yet widespread. So this

thesis is particularly focused on the comparison between 1H-NMR and COSY

experiments (and between different COSY experiments), with the basic idea

to demonstrate the contribution and the informative relevance of the COSY’s

second dimension.

Once one have a set of global objects for a same experimental study, Global

Peak Lists or Vectorized spectra, stemming from various media (urine, blood,

serum, ...), possible various experiments (here inspired by COSY) or from the

variation of some parameters of acquisition at any step of the workflows, a

natural process is to determine which one is the ”best” to consider for further

more elaborate statistical studies.

”Best” means here the capacity to distinguish and highlight the useful infor-

mation, the signal, by opposition to the experimental or environmental noisy

sources of variability. Of course, repetitions of the sample measures have to be

ideally planned during the data acquisition when these signal/noise studies are

of major interest.

Moreover, and as already highlighted, the presence of groups to recover in the

data is crucial and helpful by taking the role of the above-mentioned signal.

On the basis of these groups (different blood or urine donors, different culture

cells media, ...), a natural way to measure the quality of data sources is to

visualize to what extent we can blindly retrieve these groups via clustering

analyses.

Independently of any external source of noise and with the use of a

same clustering scheme, if a data source allows to discriminate the

groups in a better way than other data sources, this source will be

considered to have a better Informative Content .

Having approached briefly the question of the detection of outliers in Section

1.3.1, Section 1.3.2 is devoted to the definition of the Metabolomic Informa-

tive Content (MIC). To objectivize the data sources quality and to propose a

hierarchy of these data sources, clustering numerical quality indexes are needed

and are regrouped into the MIC principle.

Sections 1.3.3 and 1.3.4 show the potential additional contributions of the

use of ASCA (ANOVA-Simultaneous Component Analysis), APCA (ANOVA-

Principal Component Analysis) and ICA (Independent Component Analysis)

to measure the quality of data sources.
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1.3.1 Outlier detection

After pre-processing (and normalization in particular) and before any statis-

tical analysis, it is important to detect outliers in the initial pool of spectral

measures. For instance, some spectra can contain unexpected extreme signal

values due to exceptional external factors or instrumental concerns. These out-

liers should be identified before data analysis and removed because they could

be too influential.

PCA can offer a first graphical indicator when a sample is projected far away

from the others in a first two components’ score plots (see Fig.1.15). In parallel,

Euclidean and Mahalanobis distances can be calculated between raw spectra

and/or between group centered spectra in order to detect anomalous measure-

ments.

Figure 1.15: Graphical identification of outliers using PCA’s score plot (from
Paper I).

A secondary work at the beginning of this thesis was to try to go beyond

PCA analyses with the use of clustering based anomaly detection (AD) algo-

rithms. Basic anomaly detection assumes that outliers are very rare compared

to normal data and that outliers are “different” with respect to their feature

values. In this context, differences can be considered between local and global

anomalies (see an illustration with Fig.1.16).
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Figure 1.16: Local vs. global anomalies (from [Breunig et al., 2000]).

Based on the k-Nearest Neighbors (k-NN) principle, the Local Outlier Factor

(LOF) algorithm is the most used AD algorithm [Breunig et al., 2000]. LOF is

based on a concept of a local density, where locality is given by k-NN (whose

euclidean distance is used to estimate the density). By comparing the local

density of an object to the local densities of its neighbors, one can identify re-

gions of similar density and points that have a substantially lower density than

their neighbors. These are considered to be outliers (see a simple illustration,

with k = 3, in Fig.1.17).

The local density is estimated by the typical distance at which a point can be

”reached” from its neighbors. The definition of ”reachability distance” used in

LOF is an additional measure to produce more stable results within clusters.

Formally, let kdist(A) be the distance of the object A to the k-th nearest

neighbor. Note that the set of the k nearest neighbors includes all objects at

this distance, which can in the case of a tie be more than k objects. This set is

denoted as Nk(A). This distance is used to define what is called ”reachability

distance”:

reachdistk(A,B) = max{kdist(B), d(A,B)} (1.2)
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Figure 1.17: Illustration of the LOF principle (k = 3) (from [Breunig et al.,
2000]).

In words, the reachability distance of an object A from B is the true distance

between the two objects, but at least kdist(B) to get more stable results. The

local reachability density of an object A is then defined by:

lrd(A) =
1(∑

B∈Nk(A) reachdistk(A,B)

|Nk(A)|

) (1.3)

which is the inverse of the average reachability distance of the object A from

its neighbors. The local reachability densities are then compared with those of

the neighbors using:

LOFk(A) =

∑
B∈Nk(A)

lrd(B)
lrd(A)

|Nk(A)|
(1.4)

which is the average local reachability density of the neighbors divided by the

object’s own local reachability density. A value of approximately 1 indicates

that the object is comparable to its neighbors (and thus not an outlier). A

value below 1 indicates a denser region, while values significantly larger than 1

indicate outliers.

Based on LOF, other algorithms exist such as Local Outlier Probability (LoOP,

[Kriegel et al., 2009]) and Local Correlation Integral (LOCI, [Papadimitriou et

al., 2003]), among others. LoOP uses normal distribution for density estima-
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tion while LOCI can grow the considered neighborhood from k to a maximum

(thus considering local and global possible outliers together).

LOF, LoOP and LOCI have been tested on 1D data and on 2D GPLs in the

context of Paper I studies, and have largely confirmed the graphical indications

obtained via PCA. For LOF, LoOP and LOCI, the ELKI open source data

mining software was used (https://elki-project.github.io/).

1.3.2 The Metabolomic Informative Content (MIC)

The principle of the Metabolomic Informative Content (MIC, published in Pa-

per I) is to propose a pool of objective measures to resume the pre-processed

data quality when these data contain groups of interest. This principle is re-

lated to the notion of signal/noise ratio: we want to measure in what extent a

specific data source allows to retrieve and to discriminate the signal (the pres-

ence of different groups) in spite of the existence of numerous potential sources

of noise (experimental conditions, replicates along time, freezing/defrosting of

samples, bacterial degradation of samples, etc...).

Naturally, the presence of groups in the data leads to the use of unsupervised

multivariate clustering methods (unsupervised because the idea is to try

to rediscover the initial groups of interest into blindly formed homogeneous

clusters).

These methods are then applied on 1D data matrices, on 2D COSY GPL

matrices and/or on matrices resulting from the Vectorization workflow. Prac-

tically, the inputs are as follows:

• (n×m) pre-processed intensity data matrices for 1D NMR data sources;

• (n×MV
2) intensity matrices resulting from the 2D Vectorization workflow

(MV
2 being equal to 65536 in practice);

• for the GPL workflow, a proper GPL matrix is of size (T ×MGPL), with

MGPL being equal to 2 + n or 2 + 2n according to if binary positions are

take into account or not (see Section 1.2.2.1). From this GPL matrix, an

intensity (or position) matrix can be obtained by keeping the n intensity

(or position) columns, transposing the matrix and allowing the couple

of ppm coordinates as new column names. Final input GPL objets are

then of size (n× T ) and the intensities are pre-processed (negative value

zeroing, water zone removal, normalization).

As for any clustering analysis, the choices of a distance measure between

individuals and of a clustering algorithm are needed. These two points are

https://elki-project.github.io/
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shortly discussed in Sections 1.3.2.1 and 1.3.2.2. Then, Section 1.3.2.3 details

the selected pool of quality indexes which are grouped together in the MIC

concept.

1.3.2.1 The choice of a between samples distance measure

When an experimental design involves numerous measures (e.g. numerous spec-

tra), with replicates and different groups, it is crucial to choose the data source

which captures the useful information, the signal, in the best possible way. To

perform that, clustering algorithms firstly need the choice of an appropriate

similarity measure, or distance, to quantify the neighborhood relation between

two objects.

As mentioned in Paper I, when working on continuous normalized intensities,

log-transformed or not, the euclidean distance is systematically used because

it is widely known and recognized ([Taylor et al., 2002]).

When working on binary data, like the presence/absence of a peak at a given

ppm position as it was also tested in Paper I, the choice of an adequate dis-

tance measure is not as obvious. In this case, the devoted Jaccard and Ochiai

similarity measures were chosen (see Paper I, Section 2.3.4, for references and

mathematical details).

Obviously, two spectra with many common peaks are supposed to provide

high Jaccard and Ochiai measures. The Jaccard measure can be interpreted

as the size of the intersection divided by the size of the union of the sample

sets; and the Ochiai measure can be interpreted as a geometric mean of the

probabilities that if one object has the attribute, the other object has it too.

Because product increases weaker than sum when only one of the terms grows,

Ochiai will be really high only if both of the two proportions (probabilities) are

high. It implies that the objects must share a great part of their attributes to

be considered similar by Ochiai (Paper I).

1.3.2.2 The choice of a clustering algorithm

Among the very impressive literature on this subject, only two well-known clus-

tering algorithms were finally considered: the hierarchical Ward algorithm and

the K-Means algorithm (for continuous intensities only in this second case4).

Details and references are fully provided in Paper I (Section 2.3.4).

4The K-Means algorithm does not use a proper distance matrix, does not work on pairwise
distances but only needs the deviation of a point from a center. The core idea of K-Means
is minimizing variance (which is the same as minimizing squared euclidean distances). If a
Jaccard or Ochiai distance matrix is plugged into K-Means, it will often yield a somewhat
useable result, but quite incorrect. Rather than comparing points by Jaccard or Ochiai, it
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This choice to consider only very popular and quite intuitive algorithms is

explained by a will to be easily understood by final metabolomics practition-

ers and users for further implementation and decision making (illustrations

available in [Steuer et al., 2007] and in [Liland, 2011]).

Note that a preliminary denoising step might be possible by using sparse

clustering techniques such as sparse hierarchical clustering and sparse K-Means

([Witten and Tibshirani, 2010]) before MIC indexes calculations. Nevertheless,

the central notion of sparsity will be introduced later, in Section 1.4.4, in the

context of final biomarker discovery.

1.3.2.3 The clustering quality measures gathered in the MIC con-

cept

The MIC concept proposes a methodology to diagnose, quantify and compare

with adequate indexes the useful information (in a sense of advantageous signal

capture compared to noise) contained in different sets of spectra. Thus, the

MIC can be considered as a development and validation tool for any

available spectral acquisition methods. The MIC concept represents

the second contribution of this thesis.

Among many possibilities, it includes PCA analyses, inertia measures and the

calculation of four complementary quality criteria: the Dunn, Davies-Bouldin,

Rand and Adjusted Rand indexes. The two first evaluate the homogeneity

of the resulting clusters regardless of the initial groups content; the two last

measure the correctness of the unsupervised clustering process according to the

true initial groups (as would perform classic misclassification rates).

The use and the value of PCA descriptive analyses were already mentioned

by graphically visualizing the individual objects, and potentially the groups,

in the plane formed by the first two principal components. Beyond the search

for outliers (see Section 1.3.1), PCA provides initial reports about the facility

in separating the groups.

Inertia analyses then propose a global view on separabily and homogeneity

of final obtained clusters. Let PK be a partition of the set Ω = {1, ..., i, ...n}
of n individuals (measures) in a set (C1, ..., Ck, ..., CK) of non empty and non-

overlapping K clusters, via an initial data matrix X. Using:

would cluster them by squared euclidean of their distance vectors. That is why K-Means ex-
pects continuous numerical input data for clustering, and does not support arbitrary distance
functions ([Raykov et al., 2016]).
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• weights wi associated with each individual i, usually wi = 1
n or simply

wi = 1,

• the cluster’s weight

gk =
∑
i∈Ck

wi (1.5)

• the gravity center of the cluster

µk =
1

gk

∑
i∈Ck

wiXi (1.6)

• and the squared euclidean distance between two lines of X, Xi and Xi′

d2(Xi, Xi′) =

m∑
j=1

(xij − xi′j)2, (1.7)

the total inertia T measures the dispersion of the cloud of n individuals as

(where µ is the gravity center of all the individuals):

T =

n∑
i=1

wid
2(Xi,µ) (1.8)

This total inertia is independant of the partition PK . The between-clusters

inertia B of PK is the inertia of the gravity centers of the clusters weighted by

gk and measures then the separation between the clusters:

B =

K∑
k=1

gkd
2(µk,µ) (1.9)

The within-cluster inertia W of the partition PK is the sum of the inertia of

the clusters and measures then the heterogeneity within the clusters:

W =

K∑
k=1

∑
i∈Ck

wid
2(Xi, µk) (1.10)

Ideally, a good final partition has a large between-cluster inertia and a small

within-cluster inertia. Note that the inertia (total, between and within) cal-

culated with the standardized data are equal to the inertia calculated with all

the p corresponding principal components of X (standardized).

Having T = W +B, minimizing the within-cluster inertia (the heterogeneity)

is equivalent to maximizing the between-clusters inertia (the separability).
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Finally, the MIC concept provides a pool of four critera (Dunn, Davies-

Bouldin, Rand and Adjusted Rand) to diagnose the quality of a partition.

In particular, the choice of these four criteria was motivated by the will to

consider and evaluate at the same time the homogeneity of the clusters and the

clusters’ accuracy. MIC’s users may then choose to focus on one of these two

objectives, or to consider them in average.

As mentioned, the Dunn and Davies-Bouldin indexes, respectively referenced

as DI and DBI, evaluate the homogeneity of clusters regardless of the initial

groups content. Consequently, they can be related to the within-cluster inertia

measure W .

The Rand and adjusted-Rand indexes, referenced as RI and ARI respectively,

quantify the correctness of the unsupervised clustering process according to

the true groups. A perfect partition, with no misclassification, would lead to

RI=ARI=1.

Note that DI, RI and ARI have to be as high as possible to represent

good clustering partitions. DBI has to be as small as possible. Finally,

all the candidate data sources may then be ranked according to these MIC

performances.

For full mathematical definitions and references, and to avoid redundancy,

please see Paper I (Section 2.3.5).

Generally, it is important to understand that MIC analyses can be

fully performed on any spectral data sources, issued from NMR (1D

or 2D), Mass Spectrometry, among others... In the context of this work,

the MIC concept is principally applied in order to compare 1D proton-NMR and

2D COSY spectral data (using different scenarii and pre-processing workflows

as seen before). Papers I and III contain real studies based on MIC results.

Note that MIC also became a usually used tool in the Institute of Statistics for

metabolomics purposes.

Because MIC indexes are built to assess and compare different spectral matri-

ces having different dimensionalities (i.e. different numbers of descriptors m),

an important question may arise which is linked with the curse of dimensional-

ity issue. Indeed, higher dimensionality may induce a reduction in relevance for

some indexes and the question is about the real capacity to compare measures

from a dimensionality to another.

This question is briefly discussed in Appendix (Section 1.7) on the basis of

some experiments. They show that the comparison of MIC clustering quality

measures when different numbers of features/descriptors (m) are considered

has to be done with caution, more especially for homogeneity indexes and
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inertia (accuracy indexes are more stable) and when a significant amount of

noise exists in the data.

The MIC procedure is fully implemented in R via the ClustMIC, binClustMIC

and Inertia functions available in https://github.com/ManonMartin/MBXUCL.

1.3.3 The potential use of ASCA and APCA

In metabolomics studies, high dimensionality, with high-dimensional multivari-

ate databases where the number of variables (descriptors) tends to be much

larger than the number of experimental units, is a common issue. The clus-

tering approaches of Section 1.3.2 are adapted to this problem and are able to

measure the quality of the data sources’ informative content.

In addition, some other approaches, based on other algorithms or concepts,

can be useful to answer this same question. For instance ASCA (ANOVA-

Simultaneous Component Analysis) and APCA (ANOVA-Principal Compo-

nent Analysis), and their ASCA+ and APCA+ extensions for unbalanced ex-

perimental designs, can offer an other perspective. These methods are pre-

sented in details and applied in [Thiel et al., 2017] (paper which I am co-

author).

Basically, ANOVA is a well-known statistical method to study the behaviour

of a continuous variable depending on one or more independent categorical vari-

ables called ”factors”, whose possible values are called ”levels”. In this context,

the use of ANOVA I, or of multifactorial ANOVA if other potential effects have

to be considered, can be applied here if group membership is considered as a

proper factor in the initial experimental design. The continuous response vari-

able would then be the intensities of spectral peaks, stemming from 1D spectra,

2D GPL matrices or global matrices resulting from the Vectorization workflow.

ASCA and APCA are extensions of ANOVA to multivariate cases. In an

ANOVA II (considering two factors), the y vector can be decomposed into

vectors of parameters as:

yijk = µ+ αi + βj + αβij + εijk (1.11)

for (i = 1, ..., a; j = 1, ..., b; k = 1, ..., n) and where yijk is the observed response

for replicate k of level i of factor A, and level j of factor B. Note a the number

of levels of factor A, b the number of levels of factor B and n the number

of replicates of each treatment. Let us also define N as the total number of

experiments, with N = a× b× n in crossed ANOVA II ([Thiel et al., 2017]).

https://github.com/ManonMartin/MBXUCL
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In ASCA and APCA, a matrix Y of dimension (N × m) is decomposed in

matrices of effects that have the same dimensions (N ×m), leading to:

Y = M0 +MA +MB +MAB + E (1.12)

where each effect matrix regroups the estimated ANOVA II model parameters

for each of the m response columns of Y .

In ASCA, a PCA decomposition is then applied on these different effect ma-

trices such as:

Y = M0 + TAP
′
A + TBP

′
B + TABP

′
AB + E (1.13)

where the T and P matrices correspond to scores and loadings for each effect.

In APCA, the PCA decomposition is not directly performed on effect matrices

but on the addition of the effect matrices and the error matrix (for instance on

MA +E instead of only MA). Score plots obtained in APCA show the groups

of observations for the different levels of the variables, whereas ASCA shows

only means of these levels.

Having briefly introduced ANOVA, ASCA and APCA, the interest here is

then to quantify a percentage of variation explained by each potential effect of

the design (if in a multivariate case), and very particularly the group effect.

[Vis et al., 2007] proposes to calculate the sums of squares of the matrices

of effects with the square of the Frobenius norm defined as follows for the Y

matrix:

‖Y ‖2 =

N∑
i=1

m∑
j=1

|yij |2 (1.14)

In balanced situation, the percentage of variation of Y explained by a proper

group effect would then be obtained by:

%V argroup =
‖Mgroup‖2

‖Y ‖2 − ‖M0‖2
× 100 (1.15)

It must be noted that the results obtained by the ASCA case involving only

one factor (i.e. the group factor only here) are equivalent to inertia calcula-

tions. The real interest here is the potential simultaneous study of other effects

linked with the data (with factors like the laboratories, the operators or other

categorical metadata considerations) in addition to the group factor.
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In unbalanced situation, the ASCA+ and APCA+ extensions proposed in

[Thiel et al., 2017] also allow to calculate such percentages of variation corre-

sponding to each effect.

Finally, if different data sources (involving different acquisition techniques

or different pre-processing parameters or workflows as already mentioned) are

compared, it would be very interesting to at least calculate %V argroup and

%V arerror in each case and to rank the data sources accordingly. Other factors

are welcome when using ASCA or APCA as they can be considered simultane-

ously.

1.3.4 The potential use of ICA

Another possible approach to measure the informational quality of data sources

is the Independant Component Analysis (ICA) [Hyvarinen and al., 2004]. In

signal processing, ICA is a computational method for separating a multivari-

ate signal into additive subcomponents. This is done by assuming that these

subcomponents are non-Gaussian signals and that they are statistically inde-

pendent from each other. ICA is then a tool for blind source separation. The

question is whether it is possible to separate these contributing sources from

the observed total signal.

The ICA model is presented in [Feraud et al., 2017]. Note that this paper is

mainly Rejane Rousseau’s work and was published later thanks to some per-

sonal enhancements. In this paper, and in the context of 1H-NMR metabolomics

data, the analyzed biofluid (e.g. serum, urine) can be seen as a mixture of indi-

vidual metabolites; NMR spectra may then be interpreted as weighted sums of

NMR spectra of these single metabolites. If the data matrix X is rich enough,

the application of ICA on these data should then ideally recover components in-

cluded in the mixture, interpretable as spectra of pure or complex metabolites.

Consequently, each ICA source is finally connected with a particular descriptor

or metabolite.

Nevertheless, the use of ICA in [Feraud et al., 2017] was strictly focused on

biomarkers identification. But ICA can also be used as a pre-treatment step

to turn the spectral data sets X into matrices of independant sources’ weights.

Then, these latter matrices can be submitted to MIC indexes calculations (Sec-

tion 1.3.2) in order to evaluate their ability to detect a main signal and to be

ordered accordingly.

Practically, let X be an initial (n × m) spectral data matrix, for instance

acquired via 1H-NMR experiments. ICA assumes that X ′ can be modelled



60
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

as linear combination of p (p ≤ m) independent sources vectors, grouped in

S = (s1, ..., sp), with some matrix of unknown coefficients A, named mixing

matrix, such that:

X ′ = SA′ (1.16)

Both S and A are unknown. The ”unmixing” problem considered by ICA

is typically to estimate the independant sources S. Solving this ICA problem

aims then at finding a theoretical matrix that maximizes the non-gaussianity of

the estimated sources, under the constraint that their variances are constant.

The non-gaussianity may be estimated by the negentropy, as in the frequently

used FastICA algorithm [Hyvarinen, 1999].

An adapted ICA analysis with FastICA can be applied on metabolomics data

as follows:

• Pre-processing step 1: transpose the X spectral matrix and center it by

columns.

• Pre-processing step 2 (”Whitening”): reduce by PCA the centered matrix

X ′ to a (m×p) matrix of scores T (p ≤ min(n,m)): X ′ = T ?P ? = TP+E.

The column vectors of the PCA score matrix T ? are centered, uncorre-

lated and their variances are equal to one. P ? is a (n×n) matrix defined

according to the eigenvectors of the covariance matrix ((X ′)′X ′)/n. Note

that this PCA differs from the usual PCA in metabolomics as the created

components are linear combinations of observations (spectra) and not of

variables (spectral descriptors), and as centering is done by spectra and

not by descriptors. The number of sources p to be estimated can be fixed

to less than min(m,n). This is performed by selecting the p first scores

vectors (columns) of T ?. A matrix T of dimension (m × p) can then be

built. P is finally defined as the p first lines of P ∗ and E is the error

matrix (= 0 if p = min(m,n)).

• Application of ICA to T and calculation of S and A′. The FastICA algo-

rithm, with parallel extraction of components, proceeds in the following

steps:

– compute a (p× p) unmixing matrix W such that TW = S where S

is the (m × p) matrix which contains the independent sources. W

is chosen to maximize the negentropy of the columns of S. As the

variance of TW must be constrained to unity for the whitened data,

this is equivalent to constrain the norm of W to be unity.

– define the mixing matrix A as:

A′ = W−1P (1.17)
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in order to obtain the required following ICA decomposition: X ′ =

SA′ + E.

The (m × p) matrix S contains p estimated independent components (IC).

Each IC has a zero mean and a unit variance and at least (p − 1) sources

are non gaussian distributed. The A mixing matrix, the transposed matrix of

A′ = W−1P , is of dimension (n × p). Each column of A, aj is then a (n × 1)

vector containing the weights or contributions of the corresponding source sj
in the construction of the n observed spectra.

Finally, to evaluate different data sources, different (n×p) mixing matrices A

can be obtained and considered as new inputs in hierarchical clustering analyses

using Ward’s method or K-means. MIC quality indexes can then be calculated

strictly in the same way as previously to evaluate the clustering quality and

the informative content associated with any available data source.

1.4 The relevant biomarker discovery issue in

metabolomics

At this stage of this work, spectral data issued from different 1D or 2D exper-

iments have been handled, pre-processed and transformed into global objects

(Section 1.2). Then, these objects are diagnosed and compared via the MIC

quality criteria in order to highlight their separability power and to measure

their Metabolomic Informative Content when capturing the main signal (Sec-

tion 1.3).

Consequently, it is now possible to determine which data source(s) is(are) the

most suitable for further statistical modelling.

Indeed, the intuitive next step of most clustering analyses consists in under-

standing why the clusters have been determined in this way and if there exists at

least a relevant variable (a descriptor, a feature) which can explain the different

assignments of individuals between these clusters. Here, the term ”variable”

or ”feature” refers to spectral zones, to spectral peaks, which are ideally and

finally interpretable in terms of metabolites. All these considerations lead to

the biomarkers discovery issue.

In a large variety of current metabolomics studies, as for the whole family

of -omics, the research of accurate biomarkers is a key issue whether it is to

diagnose a disease or to measure the degree of progress of a disease, to estimate

the effects of a pharmaceutical treatment, to control the quality of consumer

goods, etc...
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Biomarkers are then a way to explain and to anticipate an event, which can

be of a critical importance for example in case of a medical decision to operate

or the choice of a heavy-duty or long-term medical treatment.

In this section, a chronological review of the techniques used in metabolomics

is proposed, from basic PCA (Section 1.4.1) to advanced sparse algorithms

(Light-sparse-OPLS, in Section 1.4.5), including PLS(-DA) (Section 1.4.2),

OPLS (Section 1.4.3) and sparse-PLS (Section 1.4.4).

Note here that the decision is not to go away from the Partial Least Squares

modelling scheme, because PLS is by far the most used and encountered tech-

nique in biomarker discovery studies in metabolomics. In Section 1.4.6, some

other very different approaches will however be discussed.

1.4.1 The use of PCA

Since the emergence of the metabolomics science, Principal Component Analy-

ses were used not only for descriptive statistics and/or to detect outliers and/or

for groups identification purposes, but also for biomarker identification. PCA

is a multivariate exploratory tool for data analysis and remains essential in

metabolomics and chemometrics. Its principle goes back to [Pearson, 1901]

and [Hotelling, 1933].

In the same way as the closenesses between individuals are highlighted, the in-

dividuals/variables duality in PCA allows to quantify the correlations between

the measured variables of the dataset. Groups of variables having identical

trends are so identified. It is then very informative to visualize the initial vari-

ables in the vectorial space formed by the main two principal components (PCs,

which are hierarchical and orthogonal). The projection distance of a variable

on these PCs corresponds to a ”loading”, or factorial contribution, which gives

information about its weight during the PCs’ computation.

As a PC is a linear combination of the initial variables, the loadings directly

correspond to the parameters p in the following equations (where max denotes

the number of columns, or descriptors, in the input matrix, which can be a 1D

grid, a 2D GPL, a matrix issued from the 2D Vectorization workflow, etc...) :

PC1 = p1,1X1 + p1,2X2 + ...+ p1,maxXmax

PC2 = p2,1X1 + p2,2X2 + ...+ p2,maxXmax

...

(1.18)
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Thus, the analysis of these loadings, and in particular those which have the

largest absolute values in the first PCs expressions, can help to classify the

variables by their importance to explain the whole variability into X ([Brindle

et al., 2003]).

Another commonly used index to evaluate variable importance, directly linked

with the loadings, is the communality ([Norris and Lecavalier, 2010]). Com-

munalities indicate the amount of variance in each variable that is accounted

for. Initial communalities are estimates of the variance of each variable ac-

counted for by all components. When only considering the first two PCs, the

communality for variable j is obtained by:

Commj = p2
1,j + p2

2,j (1.19)

A high communality (near 1) for a variable means that this variable is well

projected in- the first two PCs’ plan and that it plays a relevant role to explain

the total variance in X.

Of course, the main drawback here is that classical PCA is by construction

unsupervised. The interpretation of high loadings in absolute values or of

communalities gives only indications on the importance of variables to explain

the total variance in the X data matrix.

The group membership, the main signal we want to explain and to use to

discover final biomarkers, contributes to this total variance but is not this total

variance. In other words, the group membership must be taken into account

specifically and explicitly, and the problem has to become supervised in order

to gain relevance.

This had led to the extensive use of (O)PLS regression models instead of PCA

ones in metabolomics (Section 1.4.2).

Note that sparse principal components solutions, interested in obtaining a

decomposition made up of sparse vectors, might be possible at this point by

applying some Penalized Matrix Decomposition (PMD, [Witten et al., 2009],

[Jolliffe et al., 2003]). Nevertheless, the central notion of sparsity will be intro-

duced later, in Section 1.4.4, in the context of final biomarker discovery using

supervised and oriented models.

1.4.2 The PLS(-DA) approach

In metabolomics and chemometrics, as already mentioned previously, high di-

mensionality is a common issue as the initial number of variables is much
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greater than the number of individuals. This is why the classical linear re-

gression model, which implies the well known β̂ = (X ′X)−1XY least squares

solution, becomes impossible to solve in this case, especially since the variables

tend to be highly correlated. The PLS (Partial Least Squares) regression al-

lows to tackle this issue and rapidly became the most widespread and used

regression method in the field of metabolomics.

1.4.2.1 PLS modelling

Instead of PCA which strictly decomposes X in loadings and scores vectors,

the PLS methodology allows to use the information of at least one dependent

variable Y to build the decomposition. PLS is based on a simultaneous vari-

ability modelling into X and Y , with the calculation of latent variables which

maximise the extracted variance of both matrices at the same time as their

correlation.

Practically, PLS consists in decomposing X and Y under the constraint that

the factorial coordinates T , extracted from X, are as correlated as possible

with the factorial coordinates U , extracted from Y (see Fig.1.18).

Figure 1.18: Calculation of X and Y factorial coordinates.

In other words, the fundamental objective of PLS implies a computation of

T and U scores, in order to capture a high amount of variance in the X and

Y matrices and also a high amount of “correlations” between T and U . In

most PLS algorithms, the uncorrelated components of the model are extracted

sequentially and every iteration deflates from the data the variation that is

associated with the last estimated component.

Note that, in the context of this thesis, Y is simplified as a single categorical

vector (and can be noted y) which contains the group membership of the indi-
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viduals. With such a categorical target, the PLS regression can be interpreted

as a PLS-DA (Discriminant Analysis) problem.

More formally, consider a data matrix X with n observations and m variables

and a vector y for the dependent variable of size (n× 1). To specify the latent

component matrix T such that T = XW (linear combinations), PLS requires

finding the columns of W = (w1, ..., wq) from successive optimization problems.

For the iterative computation of each component k = 1, ..., q, the PLS criterion

to optimize can be written as follows ([Wold et al., 2001]) :

max
w

{
corr2(y,Xwk)var(Xwk)

}
≡ max

w
{w′kX ′kyy′Xkwk} (1.20)

subject to w′kwk = 1, where wk is the PLS X-weights vector for dimension k.

Note that X and y are supposed to be previously centered.

Computationally, two main PLS algorithms, among others, are available and

very popular according to some specificities: NIPALS (Non-linear Iterative

Partial Least Squares [Wold H., 1975]) and SIMPLS (Straightforward Imple-

mentation of a Modification of PLS [De Jong, 1993]). Unlike NIPALS, SIM-

PLS is actually derived to solve a specific objective function, i.e. to maximize

covariance for a multivariate Y . Note that NIPALS predictions are equal

to SIMPLS predictions when considering an univariate response y ([Wehrens,

2011]). In this paper, the SIMPLS algorithm is used for each subsequent PLS

routine because of its higher computational speed. Formal and algorithmic

details for SIMPLS are developed and referenced in Paper II (see Section

3.3.1).

PLS discriminant analysis (PLS-DA) is indeed a particular case of PLS regres-

sion aiming at predicting a binary responses y from a matrix X of descriptors.

PLS-DA is specifically suited to deal with problems where the number of pre-

dictors is large (compared to the number of observations) and collinear, two

major challenges frequently encountered with, for instance, 1H-NMR data. For

spectral biomarker discovery, PLS-DA provides regression parameters that can

be used as biomarker scores and the descriptors with the highest coefficients in

absolute values are naturally linked with discriminating zones.

The goal is to obtain a model which can well explain y and which also avoids

overfitting. Mathematical regression models can be built in order to fit closer

and closer the data by simply increasing q (see Fig.1.19, a first illustration

found in the Chemooc5 slides), what can be bad in terms of generalization and

5https://chemproject.org/wakka.php?wiki=PresentationChemoocs

https://chemproject.org/wakka.php?wiki=PresentationChemoocs
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deployment of the model (this is linked with the notion of overfitting when the

use of too many latent components implies the inclusion of noise in the final

coefficient vector, see Fig.1.20).

Figure 1.19: Evolution of predicted values according to the number of latent
components q in PLS model (from Chemooc slides).

Therefore, the number q of predictive components (ot latent variables) should

not be too high to avoid overfitting. To derive a suitable PLS(-DA) model,

this number has to be optimally chosen using an adequate validation criterion.

The Root Mean Squared Error of Prediction (RMSEP, [Mevik and Cederkvist,

2004]) was chosen as such a validation criterion. It must be minimized and

can be calculated for each size of model by k-fold or Leave-One-Out (LOO)

cross-validation.

Note that working with a fully external and independent validation/test set

is very often too expensive and not possible in most metabolomics studies.
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Figure 1.20: Evolution of regression coefficient vectors according to the number
of latent components q in PLS model (from Chemooc slides).

1.4.2.2 Highlighting important descriptors as biomarkers with PLS

Finally, the matrices of scores T = XW and of loadings P = X ′T are calculated

based on the optimal q. Final coefficients of the PLS model are calculated as:

bPLS = W (T ′T )−1T ′y (1.21)

and potentially allow to make subsequent predictions on new observations, by

simply using:

ŷ = XbPLS (1.22)

From these results, the descriptors with highest (absolute) coefficients can

therefore be considered as primary candidate biomarkers. The decision to con-

sider biomarkers can depend then on such rankings. Note that if X is not

standardized or normalized, the final coefficients may change because of the

occurence of different scales.
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In the PLS literature, two main techniques also exist to highlight important

features as biomarkers (independently of scales effects).

The first one is the use of S-plot [Wiklund et al., 2008]. S-plots combine the

modelled covariances and modelled correlations between X variables and the

scores of each latent component (or with y predicted values) from the (O)PLS-

DA model in a scatter plot. Covariances and correlations are respectively

calculated as follows for the first scores vector t1:

Cov(t1, X) =
t′1 ×X
n− 1

(1.23)

Corr(t1, X) =
Cov(t1, X)

σt1σX
(1.24)

If the data X has variation in peak intensities, S-plots will effectively look

like a S. The covariance axis describes the magnitude of each variable in X.

The correlation axis, always between -1 and 1, represents the reliability of each

variable in X.

Variables with high covariances and correlations are declared more important

for the latent component’s contruction (see an illustration with Fig.1.21). Ideal

biomarker have high magnitude and high reliability, implying a smaller risk for

spurious correlations.

Finally, the second common tool is the Variable Importance in the Prediction

(VIP) criterion. VIP allows to estimate the importance of variable Xj (j =

1, ...,m) for the prediction of y in a PLS model with q components using the

following formula ([Mehmood and al., 2011]):

V IPj =

√
m×

∑q
h=1R

2(y, th).b2hj∑q
h=1R

2(y, th)
(1.25)

where R2(y, th) denotes the coefficient of determination between the y vector

and the X-scores th associated with the latent component h (h = 1, ..., q); and

b2hj is the squared regression coefficient for variable Xj in the latent component

h (h = 1, ..., q). This relation takes into account the correlation between the

latent scores and the dependent variable y, and the contribution of each variable

in X to the latent components of the PLS model. Note that volcano plots can

be based on VIP calculations to quickly identify changes in large data sets

([Feng et al., 2016]).
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Figure 1.21: Typical S-plot from an (O)PLS-DA modelling.

1.4.3 The OPLS approach

Projection methods such as PLS remain strongly affected by the potential oc-

currence of systematic variations in the data source that are not relevant for

response prediction. This is why Orthogonal Projection to Latent Structures

(OPLS, [Trygg and Wold, 2002]) has emerged in chemometrics as a filtering

method enabling the removal of variation from X that is not correlated to the

dependant variable Y (or y). It leads to a slightly different model since some of

the extracted components are identified as corresponding to systematic or spe-

cific orthogonal causes of variation. In OPLS language, ”predictive variations”

are related to correlated variations between X and Y (or y) and ”orthogonal

variations” to uncorrelated variations between X and Y (or y) (see Fig.1.22).

A generalization of its use in metabolomics studies (several references are

available in Paper II) is explained by the relative simplicity of the algorithm,

derived from the PLS one, and the ability to manipulate and interpret the

resulting predictive and orthogonal matrices. Thus, OPLS provides a signifi-

cant gain in interpretability for final practitioners compared to standard PLS

models.
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Figure 1.22: Predictive and orthogonal variations in OPLS (from [Wiklund et
al., 2008]).

As for PLS regressions, the OPLS extracts sequentially each component. Sev-

eral orthogonal components can be estimated and the X matrix is, at each

step, deflated with respect to orthogonal variations. Considering a two-class

classification problem, the OPLS(-DA) approach only considers one predictive

component along with potentially several orthogonal components. Finally, the

goal is to find the projection that classifies and discriminates in the best way

the y levels, or groups of interest.

All technical and algorithmic details for the OPLS methodology,

and the final calculations of OPLS coefficients, are fully available in Paper II

(Section 3.3.2). Note an interesting property of OPLS which connects the X-

weights (w̃) and the X-loadings (p): once all the y-orthogonal part is extracted,

thus implying the use of more than (q − 1) orthogonal dimensions, one can

observe that w̃ = p.

When considering a response vector y, it is just important to note that the

final corrected OPLS coefficients (bOPLScorr, see paper II) obtained with (q−1)

orthogonal components and one predictive component are stricly equal to the

corresponding PLS coefficients obtained with q latent components [Tapp and

Kemsley, 2009]. Therefore, the subsequent predictions will be the same for

both models, as:

ŷOPLS(q−1) = ŷPLS(q) (1.26)

As for PLS models, to avoid overfitting, a cross-validation step can be added

to optimize a criterion (RMSEP for instance) in order to select the optimal
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number of orthogonal components (q− 1). From (Eq. 1.26), it follows that if a

solution implying q components was optimally selected during a previous PLS

model for a specific study, the solution with (q − 1) orthogonal dimensions is

also optimal when using OPLS for this same study.

1.4.4 Introducing the notion of sparsity: the sparse-PLS

(sPLS) approach

As explained in Sections 1.4.2 and 1.4.3, the PLS and OPLS solutions strictly

depend on the selected number of latent components (predictive or orthogo-

nal). Therefore, this number will have consequences on the calculation of the

final (O)PLS coefficients. In (O)PLS, the selection of relevant biomarkers, as

mentioned previously, can be based on the higher final coefficients absolute

values, on S-plots or on the VIP criterion. These practices are very common

in metabolomics studies, but not having concrete thresholds or critical values

to determine if a biomarker is really relevant or not remains an important

drawback.

For example, if a decision rule is based on highest absolute coefficients, the

choice of a threshold to determine what is of interest for further investiga-

tions/interpretations and what is not is inevitably needed. But what threshold

to use? This question is somehow subjective.

Indeed, most of the time (O)PLS methods lead to a high number of spec-

tral peaks or zones considered as of interest during metabolomics experiments,

which quickly induces difficulties of interpretation. Finally, a lighter and prob-

ably more interpretable model should be provided to final users for medical

decisions, treatment adjustments, etc...

To make this above question more objective, a solution is to keep the more

significant biomarkers’ coefficients and to force the other ones to be equal to

zero. This represents the key basis of the sparsity concept and leads to the addi-

tional application of penalties. General aspects of such penalties are discussed

in Section 1.4.4.1. In this context, the use of sPLS (sparse-PLS) is discussed in

Section 1.4.4.2. Considering the massive use of PLS in metabolomics studies,

sPLS is the natural tool for combining the efficience in tackling the m >> n

characteristic in the X data matrix and for proposing sparse interpretable so-

lutions.
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1.4.4.1 The use of penalty terms to obtain sparse solutions: a gen-

eral overview

The first immediate reason to consider sparsity refers to the curse of dimen-

sionality issue. High-dimensional spaces are by definition vast and data points

are isolated in their immensity. Separating signal from noise becomes in gen-

eral almost impossible in this context. For example, when the dimensionality

(m) increases, the notion of ”nearest” points vanishes, the minimal distance be-

tween two points increases, all the points are at a similar distance between each

other and local methods cannot work anymore ([Keogh and Mueen, 2011]).

Fortunately, high-dimensional data are often much more low dimensional that

they seem to be. Usually, these data are not uniformely spread in a Rm space,

but rather concentrate around smaller ”structures”. As an oriented and su-

pervised technique, PLS can smartly address this issue if this structure is a

sub-space adapted to linear models. But the lack of an objective threshold

criterion when highlighting final biomarkers prevents from fully answering the

question to separate the signal of the noise.

Thus, additional regularization is needed to simplify the final obtained mod-

els and to obtain more stability for prediction purposes (when the curse of

dimensionality issue joins the overfitting issue). In this context, sparsity could

allow to avoid overfitting, to reach better repetability and generalization and

to provide a gain in interpretation.

Historically, sparsity is born with the use of the Lasso (Least Absolute Shrink-

age and Selection Operator [Tibshirani, 1996]), which is a regression analysis

method that performs both variable selection and regularization in order to

enhance the prediction accuracy and interpretability of the statistical model

it produces. Lasso was originally formulated for least squares models and this

simple case reveals a substantial amount about the behavior of the estimator,

including its relationship to ridge regression ([Hoerl and Kennard, 1970] [Ho-

erl et al., 1975]) and best subset selection and the connections between lasso

coefficient estimates and so-called soft thresholding. It also reveals that (like

standard linear regression) the coefficient estimates need not to be unique if

covariates are collinear.

For least squares, the general objective of lasso is to solve:

min
β0,β

{
1

n
‖y − β0 −Xβ‖22

}
(1.27)

subject to ‖β‖1 ≤ t, where t is a pre-specified free parameter that determines

the amount of regularization.
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Let us simply define the L1 norm as ‖x‖1 =
∑n
i=1 |xi| and the L2 norm as

‖x‖22 =
∑n
i=1 |xi|2 (which is the squared euclidean distance), for any vector

x = (x1, ..., xn).

Lasso can set coefficients to zero, while ridge regression, which appears su-

perficially similar, cannot. This is due to the difference in the shape of the

constraint boundaries in the two cases. Both lasso and ridge regression can

be interpreted as minimizing the same objective function (Eq. 1.27), but with

respect to different constraints: ‖β‖1 ≤ t for lasso and ‖β‖22 ≤ t for ridge

regression.

Fig.1.23 shows that the constraint region defined by the L1 norm is a rotated

square so that its corners lie on the axes, while the region defined by the L2

norm is a circle, which is rotationally invariant and, therefore, has no corners.

As seen in the figure, a convex object that lies tangent to the boundary, such as

the shown line, is likely to encounter a corner (or in higher dimensions an edge

or higher-dimensional equivalent) of a hypercube, for which some components

of β are identically zero, while in the case of an n-sphere, the points on the

boundary for which some of the components of β are zero are not distinguished

from the others and the convex object is no more likely to contact a point at

which some components of β are zero than one for which none of them are.

Figure 1.23: Forms of the constraint regions for lasso (left, using the L1 norm)
and ridge regression (right, using the L2 norm) (from [Tibshirani, 1996]).
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A number of lasso variants have been created in order to remedy certain

limitations of the original technique and to make the method more useful for

particular problems. Almost all of these focus on respecting or using different

types of dependencies among the covariates. Among them, the Elastic Net (EN)

regularization ([Zou and Hastie, 2005]) adds an additional ridge regression-like

penalty which improves performance when the number of predictors is larger

than the sample size, allows the method to select strongly correlated variables

together and improves overall prediction accuracy. Indeed, when m > n (the

number of descriptors is greater than the sample size), lasso can select only n

variables (even when more are associated with the outcome) and it tends to

select only one covariate from any set of highly correlated covariates.

Concretely, the EN extends lasso by adding an additional L2 penalty term,

giving:

min
β∈Rm

{
‖y −Xβ‖22 + λ1 ‖β‖1 + λ2 ‖β‖22

}
(1.28)

which is equivalent to solving:

min
β0,β

{
‖y − β0 −Xβ‖22

}
(1.29)

subject to (1− α) ‖β‖1 + α ‖β‖22 ≤ t , where α = λ2

λ1+λ2
. So, the results of the

EN penalty is a combination of the effects of the lasso and ridge penalties.

Furthermore, highly correlated variables will tend to have similar regression

coefficients, with the degree of similarity depending on both ‖β‖1 and λ2, which

is very different from basic lasso. This phenomenon, in which strongly corre-

lated variables have similar regression coefficients, is referred to as the grouping

effect ([Zou and Hastie, 2005], [Zhou, 2013]) and is generally considered desir-

able since, in many applications, such as identifying genes associated with a

disease, one would like to find all the associated features, rather than selecting

only one from each set of strongly correlated variables, as lasso generally does.

In addition, selecting only a single variable from each group will typically result

in increased prediction error, since the model is less robust (this is why ridge

regression often outperforms lasso in this particular case).

This presence of correlated variables also leads to the use of other lasso variants

such as the Group Lasso ([Yuan and Lin, 2007], [Friedman et al., 2010]), the

Fused Lasso ([Tibshirani et al., 2005]) or the Overlay-Group Lasso ([Friedman

et al., 2010]) which will not be discussed and detailed in this thesis.
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In this whole context, implying the need of sparse and more interpretable

final models, a gap had to be filled to put together the use of such penalties

and the use of PLS models (the standard models in the field of metabolomics

these recent years, Section 1.4.2 and Paper II). It allowed the emergence of

the sparse-PLS (sPLS) model ([Chun and Keles, 2007], [Chung et al., 2012])

detailed below.

1.4.4.2 The sPLS algorithm

sPLS, used nowadays to an increasing extent in metabolomics, keeps the spirit

of PLS models but provides a restricted number of final selected biomarkers via

the use of penalty terms. Different algorithms exist in the literature, the two

main of them being respectively implemented in the mixOmics R package ([Le

Cao et al., 2008]) and in the spls R package ([Chun and Keles, 2007], [Chung

et al., 2012]). In this thesis, the second one was preferred in order to allow a

fast optimization of PLS parameters.

To get a sparse enough solution, the PLS objective function (Eq. 1.20) is

reformulated by generalizing a regression formulation. The formulation of the

sPLS algorithm of Chun and Keles promotes an exact zero property onto the

weights. To perform that, sPLS imposes a L1 penalty (λ1) onto a surrogate di-

rection vector c instead of the original direction w (linked with the X-weights),

while keeping w and c sufficiently close to each other. The vector c can then

be considered as a ”sparse version” of w in the closest possible direction as the

L1 penalty encourages sparsity on c.

The addition of a L2 penalty (λ2) takes care of the potential singularity of

matrix M = X ′yy′X when solving for c. Finally, the effect of the concave part,

and the local solution issue, is reduced by using a small additional parameter

noted θ here ([Chun and Keles, 2007]).

Practically, this algorithm provides an efficient implementation based on the

following lasso-like objective function to minimize:

min
wk,ck

{(−θw′kMwk) + (1− θ)(ck − wk)′M(ck − wk) + λ1‖ck‖1 + λ2‖ck‖2}
(1.30)

subject to w′kwk = 1, for k = 1, ..., q and where M = X ′yy′X.

The generalized regression formulation (Eq. 1.30) is then solved by alterna-

tively iterating between solving for w for fixed c, and solving for c after fixing
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w. For the problem of solving w for fixed c, the objective function becomes:

min
wk

{(−θw′kMwk) + (1− θ)(ck − wk)′M(ck − wk)} (1.31)

subject to w′kwk = 1 for k = 1, ..., q.

This constrained least squares problem can be solved via the method of the

Lagrange multipliers ([Chun and Keles, 2007]).

When solving for c for fixed w, it becomes:

min
ck
{(R′ck −R′wk)′(R′ck −R′wk) + λ1‖ck‖1 + λ2‖ck‖2} (1.32)

with R = X ′y.

This second problem is equivalent to the naive elastic net (EN) problem of

Zou and Hastie ([Zou and Hastie, 2005]) when Y in the naive EN is replaced

with R′w and can be solved efficiently via the Least Angle Regression Selection

algorithm (LARS [Efron et al., 2004]). sPLS often requires a very large λ2-value

to solve (Eq. 1.32) because R′ is a matrix with usually a small number of lines,

i.e. one line when Y = y is univariate. As a remedy, an EN formulation with

λ2 = ∞ is used and this yields the solution to have the form of an univariate

soft thresholded (UST) estimator ([Zou and Hastie, 2005]).

The sPLS goal is to impose sparsity in the dimension reduction step of PLS

so that sparsity can play a direct principled role. In order to promote sparse

solutions in a restricted X-space, sPLS searches for relevant features, the so-

called active variables. Thus, the first step of the sPLS (using SIMPLS)

algorithm, fully described in Paper II (Section 3.3.3), is to obtain sparse

weights by solving (Eq. 1.30). Descriptors associated with non-zero weights

are then kept in a submatrix of X (noted XΠk
in Paper II), which can be

considered as the subspace of the active variables. In a second step, a PLS

model is applied on these selected active descriptors only and PLS coefficients

bPLSk
are obtained for iteration k, 1 ≤ k ≤ q.

From an iteration to another, by upgrading the considered number of pre-

dictive component(s), all direction vectors are deflated and updated to form

a Krylov subsequence ([Kramer, 2007], [Chapman and Saad, 1997]) on the

subspace of the active variables. New PLS regression coefficients are updated

by these new estimates of the direction vectors and, finally, XΠk
is updated

with all descriptors associated with non-zero weights or non-zero updated PLS

coefficients.
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An additional cross-validation step (for minimizing RMSEP for instance) is

again greatly useful to determine the optimal couple formed by the number of

predictive components q to keep, as for PLS, and the λ1 penalty term.

The final descriptors with non-zero coefficients can finally be considered as

primary candidate biomarkers. In terms of interpretation, final biomarkers

are directly available through their non-zero coefficients and the number of

biomarkers is directly obtained as a result of the objective optimization of

(q, λ1).

1.4.5 The L-sOPLS algorithm for combining OPLS and

sparse results

In this context, a potential major improvement in this field of PLS model-

based biomarker discovery consists in combining the orthogonality of OPLS and

the sparsity of sPLS. Indeed, if one wants to keep the OPLS interpretability

advantages which consist of a withdrawal of the Y (or y)-orthogonal effects

relative to X, and if one also wants to propose sparse and interpretable results,

a natural way is to explore the possible combinations of OPLS and sPLS.

Although some interesting work already exist about this topic ([van Gerven

and Heskes, 2010], [Munoz-Romero et al., 2015]), the theory is not always very

clear and no intuitive and user-friendly solution is proposed yet to the -omics

community.

To this end, the third innovative proposal of this thesis consists in

the development of the so-called ”Light-Sparse-OPLS” (L-sOPLS)

model. The idea is quite intuitive and requires to start from the OPLS al-

gorithm described in details in Section 1.4.3 and in Paper II (Section 3.3.2),

to follow the process until the construction and the recovery of a deflated Xd

data matrix (matrix which is deflated by all the y-orthogonal components and

effects) such that:

Xd = X − ToP ′o = X −Xo (1.33)

where To = (to1, ..., toq−1) contains the calculated orthogonal scores and Po =

(po1, ..., poq−1) contains the calculated orthogonal loadings from the (1, ..., q−1)

orthogonal components. Then, a sparsing model is specifically applied on this

filtered matrix Xd, instead of on the initial data matrix X.

The sparsing technique may be freely chosen between lasso logistic regression,

Elastic Net, sPLS, etc... Here, L-sOPLS combines the OPLS orthogonalization

step with sPLS (see Section 1.4.4.2).
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For interpretability and intuitiveness concerns, the L-sOPLS algorithm implies

two successive optimization steps in order to maintain the best possible pre-

dictive ability (i.e. for each step, minimization of the RMSEP via an adapted

cross-validation technique).

The first step is aimed at optimally selecting the number of orthogonal com-

ponents, as in the classic OPLS process. The deflated resulting matrix Xd,

which no longer contains sources of variations not connected to y, is then built

according to this optimal number (called qortho). The second step is aimed at

building the final sPLS sparse model, using Xd as input, whose number of pre-

dictive components (qpred) and penalty term (λ1) are again chosen optimally.

Note again that the application of the sparsity criterion and the choice of the

number of predictive components are performed on a deflated matrix, after

the initial and optimal choice of the number of orthogonal dimensions. These

two successive steps precisely explain why this novel method is called ”Light”-

sOPLS, because, in general, it is a method that has to remain intuitive, fast

and interpretable for metabolomics (-omics) final practitionners. For them, it

seems great to first visualize a concrete deflated object by separating what is of

interest to explain y and what is not. And, once this object is optimally found,

the sparsity step will be more interpretable and concrete too. Interpretability

and intuitiveness were the main concerns when developing L-sOPLS.

The L-sOPLS algorithm can be summarized as follows (from Paper II):

1. Application of an OPLS model on the initial centered spectral matrix

X. Minimization, via k-fold or LOO cross-validation, of the predictive

quality error criterion (i.e. RMSEP, MSPE, ...) in order to select the

optimal number of orthogonal components qortho.

2. Computation of the qortho-deflated matrix Xd = X −Xo.

3. Application of a SIMPLS-sPLS model (see Section 1.4.4.2) using Xd as

input. This implies the inner matrix products Md = X′dyy
′Xd and

Rd = X′dy instead of M and R in (Eq. 1.31) and (Eq. 1.32). Note again

that the process is similar for a multivariate Y .

Minimization, via cross-validation, of the predictive quality error crite-

rion (i.e. RMSEP, MSPE, ...) in order to select the optimal number of

predictive components qpred and the optimal penalty criterion λ1.

4. Direction vectors are updated and deflated during the sPLS process (see

Section 1.4.4.2). Finally, the final non-zero coefficient vector b∗ is ob-

tained by conducting PLS regression on the active variables only (i.e.
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the variables which are associated with non-zero loadings in the predic-

tive components). The length of b∗ is obviously smaller or equal than the

length of bPLS or bOPLS .

5. The descriptors (features) associated with b∗, which strictly contain non-

zero coefficients at the end of the sPLS process, are finally considered as

primary candidate biomarkers.

Considering a binary y, note that, as opposed to OPLS, L-sOPLS allows the

potential use of several predictive dimensions qpred, combined with potentially

several orthogonal dimensions qortho. Consequently, L-sOPLS can allow more

flexibility.

The optimal number of orthogonal dimension(s) qortho is obtained after a first

cross-validation step within an OPLS framework, and the optimal number of

predictive dimension(s) qpred is independently obtained after a second cross-

validation step this time within a sPLS framework. This makes the modelling

even more flexible and focused on the prediction of the target Y (or y). Indeed,

since the sPLS step is performed on a deflated object, which is supposed to

be very strongly linked with Y by construction, the predictive goal is probably

strengthened and prioritized at the expense of the descriptive goal when using

L-sOPLS. This intuition is confirmed in the next results section and in Paper

II results and conclusions.

It can appear counterintuitive that the possible use of more than one predictive

dimension in L-sOPLS can really lead to parsimonious and simple final models

(compared to OPLS). But the fact that qpred is chosen by cross-validation

simultaneously along with the λ1 penalty term avoids high risks of final non-

parsimonious or very huge models (see further results in Paper II, Tables 3.1

and 3.2).

Note also that, according to some subsequent trials, L-sOPLS seems to be

robust to overfitting toward the major class (i.e. if P (y = 0) 6= P (y = 1)).

Indeed, the final selected biomarkers are stable even if the target y = 1 becomes

a rare event in the y response vector.

This new method was implemented in R version 3.3.2 and a function is avail-

able here: https://github.com/ManonMartin/MBXUCL. A subsequent R pack-

age is under construction.

https://github.com/ManonMartin/MBXUCL
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1.4.6 Other sparse methods

In this thesis, PLS based models, sparse or not, were privileged for biomarker

discovery because of their widespread use in metabolomics for years. But it

is obvious that many other methods exist in machine learning, data mining,

chemometrics or multivariate statistics in order to highlight and select relevant

variables or features.

Among many possibilities, recent methods used in metabolomics can be in-

spired by clustering of variables (for instance in [Vigneau and Qannari, 2003],

[Vigneau et al., 2015] and [Chen M. and Vigneau, 2016]), by Bayesian ap-

proaches (for instance the GSPPCA, Globally Sparse Probabilistic PCA, in

[Bouveyron et al., 2016]; or in [Song Q. and Liang, 2015]), by the use of Sup-

port Vector Machines (for instance in [Henneges at al., 2009] and [Lin et al.,

2012]) or by the use of decision trees and tree ensembles methodologies.

To a lesser extent, this later approach was tested during this thesis along with

(O)PLS, sPLS and L-sOPLS via the use of the jForest algorithm (see [Paul and

Dupont, 2015]) and the Xgboost algorithm (see [Chen T. and Guestrin, 2016]

and [Song R. et al., 2016]). These predictive methods can include sparsity

techniques to perform feature selection, and are rapidly presented below.

1.4.6.1 jForest: a Random Forest approach involving importance

measures for feature selection

In order to propose another approach which can distance itself from the (O)PLS

world, jForest, a Random Forests (RF) solution coupled with the use of sta-

tistical importance measures, is proposed here, directly inspired by [Paul and

Dupont, 2015], and applied to metabolomics data for the first time during this

thesis (a different approach of Random Forests for omics data can be seen in

[Rinaudo et al., 2016]). In contrast to PLS, RF ([Breiman, 2001]) are well know

for its ability to jointly use continuous and categorical (meta)data, which can

represents a real additional asset in metabolomics for its interpretation. There-

fore, RF allows to handle heterogeneous data along with high dimensionality

(small n, big m).

In the Paul and Dupont solution, in the context of personalised medicine, a

quite huge number K of decision trees (minimum K = 1000) are built to allow

convergence for the results and to avoid overfitting of the data (using a single

decision tree is in general too sensitive to input data and leads to systematic

overfitting). Each individual tree, called k, grows from a ”bootstrap” sample

bag Bk of the n initial data observations (rows) and a final democratic decision

is taken, according to a majority vote. Note that bag Bk corresponds to samples
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at the root of k-th tree and out-of-bag B̄k corresponds to samples left aside.

An illustration is shown in Fig.1.24.

Figure 1.24: Illustration of the bag and out-of-bag notions (from J. Paul thesis
defense slides).

In order to compute feature importances, Breiman ([Breiman, 2001]) proposes

a permutation test procedure based on classification error. For each variable

xj , there is one permutation test per tree in the forest. For an out-of-bag

sample B̄k corresponding to the k-th tree of the ensemble, one considers the

original values of the variable xj and a random permutation x̃j of its values on

B̄k. The difference in prediction error using the permuted and original variable

is recorded and averaged over all the out-of-bag samples in the forest.

Here, the question is to detect if a variable xj is useful and relevant to predict

y. To perform that, the classification performances of the forest have to be

assessed as such and without this variable xj .

The emphasis is on the additional use of an importance measure from these RF

to evaluate the classification performances, linked with the response vector y,

in these two cases. In consequence, an observed decrease in RF performances

will be proportional to the ”importance” of the corresponding variable xj .

This importance of a feature, as candidate biomarker, is defined as the average

decrease in accuracy over all trees when randomly permuting values, and can

be written as:

Imp(xj) =
1

K

K∑
k=1

(ACCk(B̄k)−ACCk(B̄
x̃j

k )) (1.34)

where ACCk() can be any classical accuracy criterion of k-th tree’s predictions,

B̄k is the out-of-bag sample of k-th tree and B̄
x̃j
z is the out-of-bag sample of

k-th tree with xj permuted. These out-of-bag samples can be considered as

validation sets on which class vote distributions are estimated.
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A statistical Pearson’s χ2 test is then used to assess whether the permuted

versions significantly differ from the original xj . For interpretability, rejecting

the null hypothesis with a low associated p-value means that permuting variable

xj significantly influences the class vote distribution and, therefore, that xj is

important in the current predictive model.

Since the importance of several features is typically evaluated through these

tests on the same data, p-values must be corrected for multiple testing. The

popular Benjamini-Hochberg correction ([Benjamini and Hochberg, 1995]) is

used to control the final false discovery rate (FDR). Let pfdrχ2 (xj) be the value

of pχ2(xj) after FDR correction, the final importance measure is defined as:

Jχ2(xj) = pfdrχ2 (xj) (1.35)

Finally, the variable xj will be significantly important when Jχ2(xj) < 5%.

The significance threshold of 5% is generally chosen and corresponds to the

probability of falsely identifying a variable as important. The process is repre-

sented in Fig.1.25, where the key notions of true and false positives or negatives

concretely appear. As for the use of lasso penalties (Sections 1.4.4 and 1.4.5),

non-important features/biomarkers (with Pearson’s p-values higher than 5%)

are then not taken into account, thus implying sparsity.

Figure 1.25: The implementation of Pearson’s χ2 tests as statistical importance
measures for Random Forests (from J. Paul thesis defense slides).

Note that this index can easily be generalized to multi-class problems. In such

cases, the formal contingency table simply has c2 × 2 entries, where c is the

number of classes in the y response vector.
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This methodology, implemented in the jForest R package (https://github.

com/jeromepaul/jForest), was also applied in order to identify a small num-

ber of relevant biomarkers. Some results are available in Section 1.6.

1.4.6.2 The Xgboost alternative (as tree ensemble boosting)

In this section, Boosting methods are very superficially approached and all

mathematical and algorithmic details can be obtained through references.

Boosting is a machine learning ensemble meta-algorithm for primarily reduc-

ing bias, and also variance, in supervised learning, and a family of machine

learning algorithms that convert weak learners to stronger ones ([Freund and

Schapire, 1999]). Boosting is based on the initial question posed by Kearns

and Valiant ([Kearns and Valiant, 1989]): ”Can a set of weak learners create

a single strong learner?”. A weak learner is defined to be a classifier that is

only slightly correlated with the true classification (it can label examples better

than random guessing). In contrast, a strong learner is a classifier that is more

strongly and directly correlated with the true classification.

While Boosting is not algorithmically constrained, most boosting algorithms

consist of iteratively learning weak classifiers with respect to a distribution and

adding them to build a final strong classifier.

When they are added, they are typically weighted in some way that is usually

related to the weak learners’ accuracy. After a weak learner is added, the data

are reweighted: examples that are misclassified gain weight and examples that

are classified correctly lose weight. Thus, future weak learners focus more on

the examples that previous weak learners misclassified.

There are many Boosting algorithms. The main variation between them is

their method of weighting training data points. AdaBoost ([Schapire, 2003],

[Hastie, Rosset et al., 2009]), with decision trees as the weak learners, is very

popular and perhaps the most significant historically as it was the first algo-

rithm that could adapt to these weak learners. However, there are many more

recent algorithms adapted to particular types of data sets.

In this context, sparsity can be included into the Boosting framework in order

to obtain few final and relevant descriptors. Among other trees based algo-

rithms, along with an inner importance measures ranking, the Sparse Boosting

([Buhlmann and Yu, 2006], [Wang et al., 2015]) and Xgboost, for eXtreme

Gradient Boosting ([Chen T. and Guestrin, 2016], [Song R. et al., 2016]), al-

gorithms can offer another approach to highlight important biomarkers.

https://github.com/jeromepaul/jForest
https://github.com/jeromepaul/jForest
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Xgboost, which is becoming popular and generally leads to good prediction

results, was tested during this work. Xgboost is used for supervised learning

problems, where a training data (with multiple features) X is used to predict

a target variable y. Xgboost is based on a tree ensembles model which is a

set of classification and regression trees (CART). By assigning final scores to

individuals, CART is a bit different from decision trees, where the leaf only

contains decision values. In CART, a real score is associated with each of the

leaves, which provides richer interpretations that may go beyond classification.

Mathematically, a simple predictive model for observation i can be written as:

ŷi =

K∑
k=1

fk(Xi), fk ∈ F (1.36)

where K is the total number of trees, f is a function in the functional space F ,

and F is the set of all possible CARTs. Therefore, an objective function to be

optimized can be written as follows:

obj(θ) =

n∑
i=1

l(yi, ŷi) +

K∑
k=1

Ω(fk) (1.37)

where l is typically linked with training loss, and Ω is the regularization term.

The training loss measures how predictive the model is on training data. For

example, a commonly used training loss is the mean squared error. The reg-

ularization term controls the complexity of the model, which helps to avoid

overfitting.

Note that random forests and boosted trees are not different in terms of model,

the difference is how they are trained. For the training part itself, the func-

tions fk need to be learnt. These functions each contain the structure of the

associated tree and the leaf scores. It is not easy to train all the trees at once.

Instead, an additive strategy can be used by fixing what we have learned, and

adding only one new tree at a time. Since only one new tree is added at each

step, the step index of the process is equal to the current number of involved

trees k.

Let ŷ
(k)
i be the predicted value of yi at step k (i = 1, ..., n), the procedure

involves:
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ŷ
(0)
i = 0

ŷ
(1)
i = f1(Xi) = ŷ

(0)
i + f1(Xi)

ŷ
(2)
i = f1(Xi) + f2(Xi) = ŷ

(1)
i + f2(Xi)

...

ŷ
(K)
i =

∑K
k=1 fk(Xi) = ŷ

(K−1)
i + fK(Xi)

At each step, a natural improvement consists in adding the tree that opti-

mizes the objective. Each successive ŷ
(k)
i can be considered as an unweighted

adjustment of the previous prediction.

If MSE is considered as loss function, this objective becomes:

obj(k) =

n∑
i=1

(yi − (ŷ
(k−1)
i + fk(Xi)))

2 +

k∑
j=1

Ω(fj) (1.38)

which can be rewritten as:

obj(k) =

n∑
i=1

(2(ŷ
(k−1)
i − yi)fk(Xi) + fk(Xi)

2) + Ω(fk) + constant (1.39)

The later equation then becomes the optimization goal for the new tree. Note

that Xgboost can support custom loss functions and can generally optimize ev-

ery loss function, including logistic regression and weighted logistic regression.

For the regularization step, the complexity of the tree Ω(f) needs to be defined.

In order to do so, let us first refine the definition of the tree fk(X) as:

fk(X) = wk,q(X), w ∈ RT (1.40)

where w is the vector of obtained scores on leaves, q is a function assigning

each initial data point to the corresponding leaf and T is the number of leaves

in the tree k.

In Xgboost, the complexity is defined as:

Ω(f) = γT +
1

2
Λ

T∑
j=1

w2
j (1.41)

There is more than one way to define the complexity, but this specific one

works well in practice ([Chen T. and Guestrin, 2016]). The regularization is

one part most tree packages treat less carefully, or simply ignore. This was
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because the traditional treatment of tree learning only emphasized improving

impurity, while the complexity control was left to heuristics.

Finally, note that this regularization can be indirectly connected to the use

of ridge/lasso penalty terms (Section 1.4.4.1) and to the sPLS and L-sOPLS

algorithms’ purpose (Sections 1.4.4.2 and 1.4.5) and can lead to sparse results

by only taking into account final relevant features (interpretable as relevant

biomarkers).

Indeed, a benefit of using boosting is that after the boosted trees are con-

structed, it is relatively straightforward to retrieve importance scores for each

variable. Generally, importance provides a score that indicates how useful or

valuable each feature was in the construction of the boosted decision trees

within the model. The more an attribute is used to make key decisions with

decision trees, the higher its relative importance.

This importance is calculated explicitly for each variable in the dataset, al-

lowing variables to be ranked and compared to each other. Practically, this

importance is calculated for a single decision tree by the amount that each at-

tribute split point improves the performance measure, weighted by the number

of observations the node is responsible for. The chosen performance measure

may then be the purity (Gini index) for instance ([Friedman et al., 2001]). The

variable importances are then averaged across all of the decision trees within

the model.

An additional feature selection step, leading to the final use of a subset

of relevant variables, then finally allows ”sparse” solutions (for an illustra-

tion, see http://scikit-learn.org/stable/modules/generated/sklearn.

feature_selection.SelectFromModel.html).

Regularized Xgboost was tested using the xgboost R package (https://cran.

r-project.org/web/packages/xgboost/index.html). Some results are avail-

able in Section 1.6.

1.5 Overview of the used datasets

In this section, all the data sets used in examples and simulations during this

thesis are listed. Subsequent details and all the technical acquisitions and pre-

processing parameters are fully available in Paper I, II or III respectively.

In Paper I, two data sets were used to demonstrate the interest of the 2D

COSY spectral additional information compared to 1D 1H-NMR in terms of

http://scikit-learn.org/stable/modules/generated/sklearn.feature_selection.SelectFromModel.html
http://scikit-learn.org/stable/modules/generated/sklearn.feature_selection.SelectFromModel.html
https://cran.r-project.org/web/packages/xgboost/index.html
https://cran.r-project.org/web/packages/xgboost/index.html
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Metabolomic Informative Content. These two data sets are summarized in

Table 1.1. Both of them included COSY and 1D 1H-NMR measurements.

In Paper II, two data sets were used to illustrate the biomarker discovery

issue in metabolomics studies and were used to train the (O)PLS, sPLS and

the innovative L-sOPLS algorithms. The first one implied 1D 1H-NMR spec-

tral measurements, the second one was a genomic data set which consisted

in Reverse Transcription-quantitative Polymerase Chain Reaction (RT-qPCR)

results from miRNAs expression analysis in groups of patients suffering or not

from endometriosis (as response vector y). These two data sets are summarized

in Table 1.2.

Finally, in Paper III, two other data sets were used to illustrate the GPL and

Vectorization 2D workflows and to perform L-sOPLS on 2D spectral data for

the first time. These two data sets are summarized in Table 1.3. Both of them

implied different COSY and 1D 1H-NMR measurements.

Excepted the citrate/hippurate data set in Paper II and the genomic data

set also used in Paper II, all these data sets were supplied by the Center for

Interdisciplinary Research on Medicines (CIRM), Université de Liège (ULg).

Many thanks to Pascal de Tullio and Justine Leenders. The citrate/hippurate

set was supplied by Eli Lilly Belgium. The endometriosis genomic data set was

supplied by the GIGA-Cancer laboratory, also from ULg. Thanks to Carine

Munaut.

Table 1.1: Data sets used in Paper I.

Medium Group signal Noisy factors # of Characteristics
to retrieve (y) measures

Mixture cell 4 mixtures sampling (3), 36 Unknown degree
culture time replicates (3) of separability

bacterial degradation, a priori
frosting/defrosting

Human serum 4 blood donors days (8), 32 Uncontrolled
replicates, permutations,

different delays

1.6 Results and discussions

In this section, all the results, chronologically obtained in Papers I to III, are

discussed. Some additional results, linked with the use of Random Forests
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Table 1.2: Data sets used in Paper II.

Medium Group signal Noisy factors # of Characteristics
to retrieve (y) measures

Urine of rats 2 groups linked sampling (6), 36 Analysis of
with concentrations days (3), balanced and
of spiked products time replicates unbalanced cases,
(citrate, hippurate) controlled

Human serum 2 groups of people 120 Few variables,
(suffering or not individual very tough

from endometriosis) measures discrimination

Table 1.3: Data sets used in Paper III.

Medium Group signal Noisy factors # of Characteristics
to retrieve (y) measures

Urine 3 urine donors days (4), 24 Uncontrolled
urine dilution (2)

Human serum 4 groups linked days (3), 36 Controlled
with concentrations replicates (3)
of spiked products

(threonine, glutamate)

and the Xgboost algorithm for feature selection (see Section 1.4.6) or involving

faster COSY experiments (see Chapter 5), are also presented.

First, PAPER I is aimed at introducing the Global Peak List (GPL, Sec-

tion 1.2.2.1) approach for handling a set of 2D COSY spectra included in a

whole experimental design, at introducing the Metabolomic Informative Con-

tent (MIC, Section 1.3.2) concept for evaluating and comparing the quality of

the available data sources and finally at demonstrating that the COSY second

dimension brings an informational added value compared with conventional 1D
1H-NMR spectra.

For that purpose, two data sets (see Table 1.1) were considered: a mixture

cell culture data set containing multi-sources noise (sampling, replicates, bac-

terial degradation of the samples, ...); and a more complex human serum data

set involving four blood donors. In each case, individual 2D COSY spectra

have been collected and submitted to the GPL workflow according to differ-

ent scenarii: using spectral intensities or binary positions of peaks (presence

or absence of peaks), different adapted distance measures and different values

for the number of decimal(s) during the 2D soft bucketing step (see Section

1.2.2.1). Also in each case, a group factor was defined in a y response vector
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and had to be retrieved via the unsupervised clustering algorithms gathered in

the MIC process.

The main 2D results are shown in Table 1.4.

Table 1.4: Numerical clustering performances according to different versions
of COSY spectra. The column ”Dec.” denotes the number of decimal(s) for
the data in the GPL matrix; T = number of observations in the corresponding
GPL; DI = Dunn Index; DBI = Davies-Bouldin Index; RI = Rand Index; ARI
= Adjusted Rand Index (paper I).

FIRST DESIGN : Mixture cell culture
Signal Dec. Algorithm Distance T DI DBI RI ARI

Positions 1 Ward Jaccard 909 0.712 1.466 0.914 0.811
Positions 1 Ward Ochiai 909 0.712 1.466 0.914 0.811
Positions 2 Ward Jaccard 2348 0.857 1.688 0.757 0.420
Positions 2 Ward Ochiai 2348 0.827 1.688 0.757 0.420
Positions 3 Ward Jaccard 3250 0.893 1.722 0.601 0.189
Positions 3 Ward Ochiai 3250 0.892 1.722 0.601 0.189
Intensities 1 Ward Euclidean 909 0.298 0.541 0.927 0.853
Intensities 1 K-means Euclidean 909 0.298 0.541 0.927 0.853
Intensities 2 Ward Euclidean 2348 0.239 1.249 0.669 0.609
Intensities 2 K-means Euclidean 2348 0.311 1.356 0.657 0.501
Intensities 3 Ward Euclidean 3250 0.439 1.540 0.588 0.425
Intensities 3 K-means Euclidean 3250 0.434 1.614 0.597 0.439

SECOND DESIGN : Human serum
Signal Dec. Algorithm Distance T DI DBI RI ARI

Positions 1 Ward Jaccard 1106 0.796 1.569 0.937 0.825
Positions 1 Ward Ochiai 1106 0.722 1.569 0.937 0.825
Positions 2 Ward Jaccard 4172 0.945 1.800 0.772 0.401
Positions 2 Ward Ochiai 4172 0.899 1.800 0.772 0.401
Positions 3 Ward Jaccard 6686 0.981 1.792 0.650 0.171
Positions 3 Ward Ochiai 6686 0.963 1.792 0.650 0.171
Intensities 1 Ward Euclidean 1106 0.419 0.643 0.932 0.804
Intensities 1 K-means Euclidean 1106 0.419 0.643 0.932 0.804
Intensities 2 Ward Euclidean 4172 0.689 1.592 0.789 0.422
Intensities 2 K-means Euclidean 4172 0.706 1.742 0.735 0.288
Intensities 3 Ward Euclidean 6686 0.778 1.668 0.578 0.055
Intensities 3 K-means Euclidean 6686 0.765 1.886 0.647 0.135

Globally, the results are very promising with many RI (and ARI) greater than

0.7, particularly with bucketed data when one or two decimals in the GPL

matrices are used. Thus, unlabeled individuals are well grouped together, with

no prior knowledge, and this according to the above-mentioned presence of

numerous potential noise factors.

Considering first the position-based partitions, particular groups are already

well isolated in the majority of cases. With the pre-processed intensities-based
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partitions, the four mixtures are generally well recovered by the algorithms

in spite of the sampling procedure and time repetitions. For the first de-

sign, the best clustering result is obtained with the one-decimal GPL matrix

(RI=0.927 and ARI=0.853), thus underlying the importance of the ”bucketing”

step. The conclusion is the same for the second design concerning the blood

donors (RI=0.932 and ARI=0.804).

More generally, these results show that Dunn and Davies-Bouldin indexes

are subject to significative variations between experiments and are not very

satisfactory for some combinations (several DI less than 0.5 and DBI greater

than 1.5 in Table 1.4). This means that obtained clusters are not always

compact and well separated. However, to judge if the clusters conform to the

reality, i.e. if members in a cluster correspond to members of initial groups,

Rand and Adjusted Rand indexes prevail because they are built on the degree

of agreement and disagreement between groups (here between the reality and

each of the clustering partitions).

Consequently, and based on the two experimental designs, the clustering re-

sults show that COSY spectra appear to be statistically robust and contain

informative signal which helps to succeed in distinguishing groups of differ-

ent spectra. In other words, COSY spectra are enough informative so

that the signal connected to the initial groups can be distinguished

from the noise. Working on positions gives satisfactory results but not bet-

ter ones than working on intensities. Moreover, these results show that the 2D

”bucketing” step is important and probably necessary to solve misalignment

problems (as it is the case in 1D). This additional information can be profitable

for further robust statistical analysis, as biomarker discovery.

Besides these convincing performances of COSY spectra, it remains to demon-

strate that the additional information contained in 2D COSY spectra via the

existence of correlation cross peaks is relevant and crucial by improving the

quality of the clustering results. Taking into consideration the corresponding

pre-processed 1D 1H-NMR data sources, 1D results are shown in Table 1.5

for the two experimental designs. Note that the MIC clustering process was

performed on raw 1D spectral intensities (normalized), as well as on intensities

rounded to one and two decimal(s) for comparison.

If one compares these results with the best Rand and Adjusted Rand indexes

in Table 1.4, it appears clearly that these indexes are mainly higher when the

clustering algorithms are performed on 2D COSY spectra. Resulting partitions

are better when using COSY data sources as they are more in agreement with

the real initial groups.
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Table 1.5: Numerical clustering performances for 1D data. The column ”Dec.”
denotes the number of decimal(s) for the data in the GPL matrix; T = number
of observations in the corresponding GPL; DI = Dunn Index; DBI = Davies-
Bouldin Index; RI = Rand Index; ARI = Adjusted Rand Index. (Paper I)

FIRST DESIGN : Mixture cell culture
Signal Dec. Algorithm Distance T DI DBI RI ARI

Intensities 1 Ward Euclidean 201 0.927 0.120 0.908 0.807
Intensities 1 K-means Euclidean 201 0.560 0.463 0.835 0.667
Intensities 2 Ward Euclidean 2001 0.712 0.426 0.717 0.516
Intensities 2 K-means Euclidean 2001 0.601 0.739 0.732 0.476
Raw intensities Ward Euclidean 199967 0.362 1.048 0.606 0.544
Raw intensities K-means Euclidean 199967 0.284 1.182 0.410 0.196

SECOND DESIGN : Human serum
Signal Dec. Algorithm Distance T DI DBI RI ARI

Intensities 1 Ward Euclidean 207 0.981 0.688 0.704 0.233
Intensities 1 K-means Euclidean 207 0.334 0.663 0.702 0.230
Intensities 2 Ward Euclidean 2054 0.901 0.986 0.704 0.233
Intensities 2 K-means Euclidean 2054 0.635 1.119 0.740 0.290
Raw intensities Ward Euclidean 205034 0.670 1.074 0.588 0.017
Raw intensities K-means Euclidean 205034 0.447 1.321 0.675 0.145

Thus, this demonstrates, for the two experiments, that the COSY addi-

tional spectral dimension does provide relevant information to im-

prove the clustering results, the amount of captured signal and,

consequently, the Metabolomic Informative Content (MIC) perfor-

mances.

In PAPER II, the biomarker discovery issue in metabolomics is generally

approached and the novel L-sOPLS algorithm (see Section 1.4.5) is introduced

in order to combine the orthogonality (Section 1.4.3) and the sparsity (Section

1.4.4) attractive properties.

For that purpose, two experimental designs (see Table 1.2) were considered:

a controlled design based on a pool of urine of rat samples spiked with two

products (and considering balanced and unbalanced cases); and a genomic

human serum data set characterized by a small number of descriptors and a very

tough discrimination between the two groups of interest (people suffering or not

from endometriosis). For the first design, only 1D 1H-NMR pre-processed data

were used.

Starting from the 1H-NMR urine of rat design, balanced and unbalanced cases

correspond to doses of spiked products. In particular, two products were con-

sidered for spiking and determining groups of samples: hippurate and citrate.



92
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

Fig.1.26 shows the balanced and unbalanced designs for hippurate (see Paper

II for more details).

Figure 1.26: (a) The whole urine experimental design; (b) The hippurate bal-
anced case; (c) The hippurate unbalanced case; (d) A typical urine spectrum
with spiked citrate and hippurate.

Practically, two main sub-data sets were considered to obtain results, with

balanced and unbalanced hippurate doses. 600 descriptors, all potential spec-

tral biomarkers in X (without metadata or medical extra information), are

available to explain the membership in a group (the target vector y). For the

balanced case, the discovery of only one product spectral zone(s) is principally

expected to classify the observations into the two groups. For the unbalanced

case, the spectral zones of both hippurate and citrate would be of interest to

explain this discrimination.

On each set, PLS (using the SIMPLS algorithm), OPLS, sPLS (using the

spls R package) and L-sOPLS algorithms were applied, along with LOO cross-

validation steps in order to choose optimal parameters for prediction purpose.

For each optimal model, the objectives are focused on the relevance and the

final number of the selected biomarkers on one hand, and on the analysis of

the predictive abilities on the other hand. For the sparse models, the penalty

parameter λ1 was in all cases considered between 0.6 and 0.99 in order to

provide sparse enough results.

Results are presented in Table 1.6.



1.6. Results and discussions 93

Table 1.6: (O)PLS and sparse results for the 1H-NMR citrate and hippurate
data: the balanced and unbalanced hippurate cases (a ”-” means that the peak
is not among the first fifteen coefficients in absolute value for PLS or OPLS)
(Paper II).

THE HIPPURATE BALANCED CASE
PLS coefficients OPLS bOPLS sPLS selection L-sOPLS selection

q = 5 q = 4 + 1 qpred = 5, λ1 = 0.6 qortho = 4, qpred = 3,
λ1 = 0.72

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.0197 =0.0197 =0.0206 =0.0162

2.478 -7.636 - No No
2.593 Citrate - 2.906 No No
2.609 Citrate - 3.331 No No
2.626 Citrate - 2.906 No No
2.642 Citrate - 2.505 No No
3.017 -10.677 4.728 Yes (-9.329) No
3.050 -5.730 3.331 Yes (-5.381) No
3.279 -13.839 5.646 Yes (-20.556) No
3.295 -7.153 - Yes (-13.606) No
3.442 7.573 - Yes (-13.651) No
3.801 -7.260 - No No
3.981 Hippurate 17.115 28.699 Yes (16.829) Yes (22.737)
3.997 Hippurate 19.408 6.744 Yes (19.907) Yes (27.409)
6.055 -9.734 - No No
7.558 Hippurate 11.335 16.204 Yes (11.777) Yes (5.543)
7.574 Hippurate 23.517 13.906 Yes (24.738) Yes (16.282)
7.639 Hippurate - 5.368 Yes (6.128) No
7.656 Hippurate 7.135 7.889 Yes (6.113) Yes (-7.126)
7.836 Hippurate 14.159 14.768 Yes (16.952) Yes (39.541)
7.852 Hippurate 24.122 18.855 Yes (23.682) Yes (26.641)

THE HIPPURATE UNBALANCED CASE
PLS coefficients OPLS bOPLS sPLS selection L-sOPLS selection

q = 5 q = 4 + 1 qpred = 5, λ1 = 0.6 qortho = 4, qpred = 3,
λ1 = 0.73

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.0187 =0.0187 =0.0184 =0.0114

2.478 -7.822 - No No
2.560 Citrate - -4.385 Yes (0.370) No
2.576 Citrate - -5.847 Yes (0.492) No
2.593 Citrate - -7.309 Yes (0.615) Yes (-17.008)
2.609 Citrate - -8.771 Yes (0.738) Yes (-20.409)
2.625 Citrate - -7.309 Yes (0.615) Yes (-17.008)
2.642 Citrate - -5.847 Yes (0.492) No
2.658 Citrate - -4.385 Yes (0.370) No
3.017 -9.581 - Yes (13.995) No
3.279 -13.519 - Yes (-44.365) No
3.295 -6.299 - No No
3.442 7.802 4.953 Yes (-44.365) No
3.801 -6.120 - No No
3.981 Hippurate 17.592 22.496 Yes (11.672) Yes (-5.564)
3.997 Hippurate 18.548 - Yes (18.164) No
6.055 -7.750 - No No
7.558 Hippurate 11.061 12.686 Yes (9.313) Yes (15.340)
7.574 Hippurate 23.622 10.917 Yes (29.902) Yes (14.196)
7.639 Hippurate 5.664 4.251 Yes (10.180) No
7.656 Hippurate 7.294 6.172 Yes (1.588) No
7.836 Hippurate 12.166 11.554 Yes (12.701) Yes (27.561)
7.852 Hippurate 25.717 14.693 Yes (30.735) Yes (40.921)



94
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

The choices of the optimal numbers of components for PLS and OPLS were

made by minimizing the RMSEP criterion via LOO cross-validation. Finally,

five components are used for PLS and OPLS (four orthogonal dimensions and

one predictive dimension for OPLS), providing a minimal LOO-RMSEP equal

to 0.0197 for the balanced case. For the unbalanced one, the same solution is

found for a minimal LOO-RMSEP equal to 0.0187. For the sparse methods, the

optimal parameters (the number of predictive components qpred and the penalty

term λ1) were also chosen to minimize the LOO cross-validated RMSEP.

For sPLS and for the balanced hippurate case, the optimal parameter com-

bination is qpred = 5 and λ1 = 0.6 (not very severe) and leads to a minimal

LOO-RMSEP equal to 0.0206. For L-sOPLS: qpred = 3 and λ1 = 0.72 after a

deflation of matrix X through four orthogonal components (i.e. qortho = 4).

For this last model, LOO-RMSEP is equal to 0.0162, which is lower than the

minimal value obtained with the initial (O)PLS.

For the unbalanced case, the optimal parameter combination for sPLS is

qpred = 5 and λ1 = 0.6 and leads to a minimal LOO-RMSEP equal to 0.0184.

For L-sOPLS: qpred = 3 and λ1 = 0.73 after a deflation of matrix X through

four orthogonal components. This last model has a LOO-RMSEP equal to

0.0114 and contains only eight final descriptors with non-zero coefficients (see

the last column of the second part of Table 1.6).

Thus, L-sOPLS provides (very) sparse models with a better predic-

tive power than (O)PLS.

In Table 1.6, the first two columns show the main biomarkers selected by

PLS and OPLS (fifteen for PLS and fifteen for OPLS, most of them being

concerned by both) on the basis of their higher coefficients in absolute values.

The number fifteen was arbitrarily chosen. The hippurate spectral zones are

mainly represented in these highest coefficients for both PLS and OPLS; the

citrate zone appears with lower coefficients in the OPLS results only, with pos-

itive low values in the balanced case and negative values in the unbalanced one

(as expected according to the design). The sparse decisions concerning these

biomarkers are also shown in Table 1.6 for the optimized sPLS and L-sOPLS

methods (Yes/No to indicate if the biomarker is selected, and the corresponding

final sparse coefficient if yes).

For the balanced case, the optimal sPLS model finally selects more than twenty

biomarkers from the 600 initial input variables. Among them, all the hippurate

peaks are selected but not those of the citrate spectral zone. The optimal L-

sOPLS model leads to the selection of only seven final biomarkers.

It is very important to note that all of them are connected to the hippurate

spectral peaks only.
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For the unbalanced case, the optimal sPLS model selects twenty biomarkers

from the 600 initial input variables. All the hippurate and citrate peaks are

selected among them. The optimal L-sOPLS model only selects eight final

biomarkers.

It is very important to note that all of these later biomarkers are either hippu-

rate or citrate descriptors only, which coincides with the corresponding design

(Fig.1.26(c)). Furthermore, the selected citrate descriptors are well associated

with negative sparse coefficients and localized at the center of the citrate peak.

For the unbalanced hippurate case’s sPLS and L-sOPLS models, Table 1.7

illustrates the LOO-RMSEP variations over a grid of (qpred, λ1) different values.

Remember that the (O)PLS reference value of LOO-RMSEP is 0.0187 in that

case. One can see that only one (qpred, λ1) combination leads to a better, i.e.

lower, LOO-RMSEP value when using sPLS. What is already very positive.

But, in other words, for all other combinations, a compromise has to be made

between sparsity (degree or severity of feature selection) and predictive power.

For the L-sOPLS solution, almost all the (qpred, λ1) combinations lead to

lower LOO-RMSEP values. Sparsity, even very severe, goes hand in

hand with better predictive ability when using L-sOPLS instead of

non-sparse PLS or OPLS.

When results from sPLS and L-sOPLS are compared in Table 1.6 and Table

1.7, better predictive performances for L-sOPLS can be explained by the use of

more targeted constraints, strictly focused on y. PLS and sPLS do not contain

an orthogonalization step, so that the explanations (in term of variability) of

X and y are performed together. With the additional orthogonalization, OPLS

and L-sOPLS emphasize the explanation of y at the expense of the explanation

of variabilities into X. When using penalty terms for sparse solutions, and

by using the qortho-deflated matrix Xd as input (see Section 1.4.5), L-sOPLS

further enhances this trend.

Furthermore, since the vast majority of possible models have a similar better

predictive power, one can imagine that final users can be free to ”manually”

select some parameters and, consequently, to choose their L-sOPLS model ac-

cording to the final number of biomarkers which they want to explore (beyond

the automatic approach of the algorithm).

The evolution of the final number of selected biomarkers (displayed in brackets

in Table 1.7) shows, as expected, that high values of λ1 lead to a restricted

number of selected descriptors because of a greater degree of severity. Moreover,

when qpred increases in the model, the number of selected biomarkers also

increases.
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Table 1.7: Evolution of the LOO-RMSEP criterion for both sPLS and L-sOPLS
models according to different values for the qpred and λ1 parameters. The cor-
responding number of final selected biomarkers is in brackets. The combina-
tions leading to better LOO-RMSEP performances than initial (O)PLS models
(RMSEP = 0.0187) are highlighted in bold (Paper II).

THE HIPPURATE UNBALANCED CASE
qpred for sPLS qpred for L-sOPLS (with qortho = 4)

λ1 1 2 3 4 5 1 2 3 4 5
0.6 0.1164 0.0317 0.0284 0.0235 0.0184 0.0171 0.0121 0.0123 0.0139 0.0131

( 2 ) ( 6 ) ( 12 ) ( 17 ) ( 20 ) ( 2 ) ( 6 ) ( 12 ) ( 17 ) ( 20 )
0.65 0.1706 0.0409 0.0286 0.0263 0.0205 0.0171 0.0121 0.0123 0.0141 0.0141

( 2 ) ( 6 ) ( 11 ) ( 17 ) ( 19 ) ( 2 ) ( 6 ) ( 11 ) ( 17 ) ( 19 )
0.7 0.1759 0.0557 0.0284 0.0266 0.0269 0.0222 0.0123 0.0121 0.0141 0.0140

( 1 ) ( 5 ) ( 9 ) ( 15 ) ( 19 ) ( 1 ) ( 5 ) ( 9 ) ( 15 ) ( 19 )
0.75 0.1759 0.0559 0.0279 0.0263 0.0279 0.0222 0.0115 0.0121 0.0133 0.0135

( 1 ) ( 4 ) ( 7 ) ( 12 ) ( 16 ) ( 1 ) ( 4 ) ( 7 ) ( 12 ) ( 16 )
0.8 0.1759 0.0549 0.0587 0.0257 0.0292 0.0222 0.0127 0.0122 0.0133 0.0135

( 1 ) ( 3 ) ( 5 ) ( 8 ) ( 12 ) ( 1 ) ( 3 ) ( 5 ) ( 8 ) ( 12 )
0.85 0.1759 0.0552 0.0681 0.0258 0.0326 0.0222 0.0127 0.0122 0.0136 0.0135

( 1 ) ( 3 ) ( 5 ) ( 6 ) ( 9 ) ( 1 ) ( 3 ) ( 5 ) ( 6 ) ( 9 )
0.9 0.1759 0.0548 0.0611 0.0609 0.0289 0.0222 0.0126 0.0120 0.0131 0.0131

( 1 ) ( 2 ) ( 4 ) ( 5 ) ( 6 ) ( 1 ) ( 2 ) ( 4 ) ( 5 ) ( 6 )
0.95 0.1759 0.0548 0.0566 0.0593 0.0462 0.0222 0.0126 0.0134 0.0119 0.0124

( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 ) ( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 )

Additional graphical results are available in Paper II in order to visualize the

calculated loadings and coefficients of each model (PLS, OPLS, sPLS and L-

sOPLS) and the obtained discrimination between the groups for the unbalanced

hippurate case.

Note that all these results and conclusions are very similar when considering

the citrate case sub-data sets: the citrate peak regions are primarily selected as

final biomarkers for the balanced case, both hippurate and citrate ones for the

unbalanced case. And similar conclusions can be highlighted about the models’

predictive power.

Still in the context of the citrate/hippurate data set of Paper II, the jForest

(Section 1.4.6.1) and Xgboost (Section 1.4.6.2) ensemble trees algorithms were

also tested for descriptor selection. As described previously, these two methods

imply the calculation of inner importance measures for each variables in the

process and allow to highlight the more relevant ones. The Gini index was used

for Xgboost regularization. Some results are presented in Table 1.8. Table 1.8

is built in a similar way than Table 1.6 (see details in Paper II).

One can see in this table that jForest and Xgboost are successful in high-

lighting the accurate ppm zones for both the hippurate balanced and unbal-

anced cases. However, in comparison with the optimal L-sOPLS solution found
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Table 1.8: Variable selection provided by the jForest and Xgboost algorithms
with importance measures and comparison with the optimal sPLS and L-sOPLS
results (context of Paper II).

THE HIPPURATE BALANCED CASE
Biomarkers (ppm) Zone Optimal sPLS Optimal L-sOPLS jForest Xgboost

2.478 No No No No
2.593 Citrate No No No No
2.609 Citrate No No No No
2.626 Citrate No No No No
2.642 Citrate No No No No
3.017 Yes No No No
3.050 Yes No No No
3.279 Yes No Yes No
3.295 Yes No Yes Yes
3.442 Yes No No No
3.801 No No No No
3.981 Hippurate Yes Yes Yes Yes
3.997 Hippurate Yes Yes Yes Yes
6.055 No No Yes No
7.558 Hippurate Yes Yes Yes Yes
7.574 Hippurate Yes Yes Yes Yes
7.639 Hippurate Yes No Yes Yes
7.656 Hippurate Yes Yes Yes Yes
7.836 Hippurate Yes Yes Yes Yes
7.852 Hippurate Yes Yes Yes Yes

THE HIPPURATE BALANCED CASE
Biomarkers (ppm) Zone Optimal sPLS Optimal L-sOPLS jForest Xgboost

2.478 No No No No
2.560 Citrate Yes No No No
2.576 Citrate Yes No Yes Yes
2.593 Citrate Yes Yes Yes Yes
2.609 Citrate Yes Yes Yes Yes
2.625 Citrate Yes Yes Yes Yes
2.642 Citrate Yes No Yes No
2.658 Citrate Yes No No No
3.017 Yes No No No
3.279 Yes No Yes No
3.295 No No No No
3.442 Yes No No No
3.801 No No No No
3.981 Hippurate Yes Yes Yes Yes
3.997 Hippurate Yes No Yes Yes
6.055 No No No No
7.558 Hippurate Yes Yes Yes Yes
7.574 Hippurate Yes Yes Yes Yes
7.639 Hippurate Yes No Yes Yes
7.656 Hippurate Yes No Yes Yes
7.836 Hippurate Yes Yes Yes Yes
7.852 Hippurate Yes Yes Yes Yes
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previously, these two methods seem to be less sparse by selecting more final

biomarkers.

In the RT-qPCR data set described in Table 1.2 and detailed in Paper II,

m = 19 anonymized, log-transformed and standardized miRNAs are considered

as explanatory variables of the model, and n = 120 observations are available.

These data aim at showing how the algorithms behave when the number of

variable is drastically limited, just like the level of information. The y binary

vector to predict is the presence/absence of the endometriosis pathology.

In the same way as for the previous data, cross-validated PLS and OPLS coef-

ficients and sparse results obtained via sPLS and L-sOPLS are fully available in

Paper II, along with the optimal parameters and the obtained minimal LOO-

RMSEP. As for the previous data set, the global minimal LOO-RMSEP is ob-

tained with a L-sOPLS model providing just seven final biomarkers. Moreover,

the majority of tested L-sOPLS models, for different (qpred, λ1) combinations,

provide better predictive performances than the best (O)PLS reference model.

So, again, it is shown that no compromise must be done between very

competitive predictions on one side and sparsity on the other side

(leading to simpler and more interpretable models) when using L-

sOPLS.

Finally, PAPER III can be viewed as a larger and concrete application of

the GPL workflow, of the MIC concept and of the L-sOPLS algorithm (for the

first time applied on 2D data) in order to evaluate and compare multiple 1D

and 2D NMR data sources. In this paper, the Vectorization workflow (Section

1.2.2.2) was also introduced to handle and pre-process 2D COSY spectra.

For that purpose, two experimental designs (see Table 1.3) were considered:

an uncontrolled design based on urine samples in which the signal corresponds

to the three urine donors (noisy factors are urine dilution and different days

of measurement); and a controlled design based on human serum samples in

which two products (threonine and glutamate) were spiked to form sub-groups

of samples. In this second design, threonine and glutamate were chosen because

their peaks overlap with other molecules’ peaks in 1D 1H-NMR representations.

Moreover, different days of measurements and replicates add noise in this de-

sign.

The goal was to recover the three different donors in the case of the first design

and the four doses combinations of threonine and glutamate in the case of the

second one.

For both experimental designs in paper III, the MIC indexes were calculated

on the basis of different degrees of pre-processing of the initial COSY spec-
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tra. More precisely, different log-transformed GPL were generated by tuning

the ACD/Lab significance threshold and/or the number of retained decimals

of the coordinates in the 2D bucketing step (see Section 1.2.2.1). The Vec-

torization approach was also taken into account in the process, along with

pre-processed 1H-NMR spectra. The main results are described in Table 1.9.

See also Appendix for dimensionalities purpose.
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For the first experimental design, the indexes tend to show that the best

informative content and separability are reached by log-transformed

2D GPL approaches involving small matrices (with one or two deci-

mals for the coordinates). Thus, the same conclusion is reached as in Paper

I (see Table 1.4).

In these cases, the initial groups can be blindly retrieved without any error

(Rand indexes = 1, good between inertia, etc.). It is also the case when using

pre-processed 1H-NMR spectra, but with lower Dunn index values. Note that

inertia measures are somehow far better with 1D processed data.

For the second design, the results in Table 1.9 are far more homogeneous

between the various techniques and separability between groups is harder to

obtain (lower Rand and between inertia indexes for instance). However, the

use of the 1D NMR seems to supply the best performances to separate the

doses levels. The Vectorization approach provides similar results than GPL

ones (except the GPL with threshold = 0.05 and number of decimals = 1,

which is again better).

Note that the threonine/glutamate experimental design proposes conditions

of low variabilities between samples, which is doubtless close to real conditions.

When considering biomarker discovery results, PLS, sPLS and L-sOPLS were

used to detect relevant biomarkers from the best 2D COSY solution (i.e. GPL

with threshold = 0.05 and number of decimal = 1) and from corresponding
1H-NMR spectra. Again, each model was optimized in order to minimize the

RMSEP via LOO cross-validation. For PLS, the number of predictive com-

ponent(s) q is optimized by this way. For sPLS, the number of predictive

component(s) q and the penalty term λ1 are optimized. And, finally, for L-

sOPLS, the number of orthogonal component(s) qortho is first optimized and,

in a second step, the couple formed by the number of predictive component(s)

q and the penalty term λ1 is optimized too.

For convenience, and because the expected biomarkers to found are known,

results for the second experimental design are primarily discussed in details in

Table 1.10 and Table 1.11.

Ideally, the goal was to already detect the 1D peaks using the pre-processed
1H-NMR spectra (used first because of better MIC performances for this design,

see Table 1.9). The corresponding PLS, sPLS and L-sOPLS results are shown

in Table 1.10 (as the associated optimal parameters). For PLS, the twenty first

selected features, associated with the twenty highest coefficients in absolute

values, are arbitrarily displayed. For optimized sPLS and L-sOPLS, the sparse



102
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

Table 1.10: PLS, sPLS and L-sOPLS biomarker selection for 1H-NMR data
(threonine-glutamate design of Paper III).

PLS coefficients sPLS selection L-sOPLS selection
q = 4 q = 5, λ1 = 0.72 qortho = 3, q = 5, λ1 = 0.72

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.1755 =0.1514 =0.0759

1.349 Threonine 345.88 Yes (352.92) Yes (196.14)
2.369 Glutamate 340.53 Yes (647.35) Yes (158.22)
2.389 Glutamate 313.39 Yes (578.24) Yes (145.98)
3.609 Threonine 261.96 Yes (362.60) Yes (366.93)
3.789 Glutamate 200.84 No No
1.329 Threonine -180.44 No No
4.289 Threonine 170.24 Yes (223.17) Yes (274.41)
3.269 -168.86 Yes (-272.94) Yes (-310.98)
1.37 Threonine 158.61 Yes (87.14) Yes (348.69)
3.25 -156.90 No No
2.149 140.05 No No
3.909 -125.45 Yes (-197.68) Yes (-348.36)
1.389 -115.01 Yes (-169.57) Yes (-229.57)
4.69 -112.42 No No
3.449 110.32 Yes (182.42) Yes (127.44)
0.929 -107.69 No No
3.289 -92.20 No No
3.49 -91.15 Yes (-64.97) No
2.089 Glutamate 89.46 No No
0.949 -89.13 No No

decisions concerning these biomarkers are also shown (Yes/No to indicate if the

biomarker is selected, and the corresponding final sparse coefficient if yes).

One can see that the threonine and glutamate 1D peaks are well retrieved by

the PLS and the sparse algorithms (in bold for these last ones) even if initial

MIC and PCA results (shown in Paper III) do not provide a smart separation

between the groups of spectra. Furthermore, the use of sparse techniques, and

in particular L-sOPLS, leads to a lower value of the RMSEP of the model, thus

significantly improving the predictive power (from 0.1755 to 0.0759).

One can also see in Table 1.10 that some artefacts or other ppm zones are

selected, often with high coefficients (and importance). For example, the peaks

in 3.909 and 1.389 ppm are selected and can be easily confused with some

nearby threonine and/or glutamate peaks. It can refer to a contiguous peak

zones problem which may require the addition of a deeper warping step.

This confirms the interest to apply PLS, sPLS and L-sOPLS on

2D data sources in order to ideally highlight relevant correlation

peaks outside the diagonal. These cross peaks would then confirm

and reinforce 1D results. The search for non-diagonal biomarkers based
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Table 1.11: PLS, sPLS and L-sOPLS non-diagonal biomarker selection applied
on the best 2D GPL solution in terms of MIC measures (threonine-glutamate
design of Paper III).

PLS coefficients sPLS selection L-sOPLS selection
q = 5 q = 4, λ1 = 0.78 qortho = 4, q = 5, λ1 = 0.60

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.6393 =0.4872 =0.1912
4.3 - 3.6 Threonine 0.146 Yes (0.2089) Yes (0.0994)
3.6 - 4.3 Threonine 0.142 Yes (0.1884) Yes (0.0942)
2.1 - 2.4 Glutamate 0.0582 Yes (0.0933) Yes (0.0289)
4.3 - 1.4 Threonine 0.0544 Yes (0.0884) Yes (0.0555)
3.8 - 2.1 Glutamate 0.0495 Yes (0.0567) Yes (0.0308)
4.3 - 1.3 Threonine 0.0492 Yes (0.0692) Yes (0.0514)
2.4 - 2.1 Glutamate 0.0466 Yes (0.0367) Yes (0.0324)
3.8 - 2.2 Glutamate -0.0288 No No
1.4 - 4.2 Threonine 0.0269 No Yes (0.0119)
3.3 - 4.0 -0.0252 No No
4.4 - 4.9 -0.0244 No No
3.0 - 1.7 -0.0198 No No
3.8 - 4.9 -0.0182 No No

on the best 2D COSY solution (i.e. GPL with threshold = 0.05 and number

of decimal = 1) is summarized in Table 1.11. Even if all the information was

taken into account, biomarkers located on the diagonal are not displayed in

Table 1.11, being redundant with the biomarkers discovered in 1D. For PLS,

the non-diagonal peaks whose coefficients are among the thirty higher global

coefficients in absolute values are then displayed.

One can see in Table 1.11 that the PLS-DA technique can already detect the

threonine and glutamate correlation peaks in the 2D COSY spectral data, with

higher coefficients in absolute values. But the corresponding predictive power,

based on LOO-RMSEP criteria, is very poor. It is very important to observe

that sparse sPLS and L-sOPLS only detect threonine and glutamate correlation

peaks (and nothing else outside the diagonal). This result is very comforting,

especially as the increase in predictive quality is very significant (from 0.6393

with PLS to 0.1912 with L-sOPLS).

Of course, note that these latter values of LOO-RMSEP are not better than

the previous 1D ones, which is consistent with the initial MIC measures (re-

member that better separability can be reached when using pre-processed 1D

data here).

Concerning the first data design, the process would be a little bit different, and

more or less inverted. As MIC indexes tended to promote the use of some 2D

GPL as a priority (see Table 1.9), PLS, sPLS and L-sOPLS had to be applied
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on these data source first. So, relevant 2D correlation peaks were quickly found

in a blind and non-supervised way as biomarkers, and the application of sparse

algorithms on 1H-NMR data served only as confirmation studies (Paper III).

Note that the same conclusions are observed in terms of predictive

power: L-sOPLS always provides better results.

All these results and considerations tend to promote a wider use of 2D COSY

spectra in metabolomics studies because of better informative abilities and

better performances for biomarker discovery compared to 1H-NMR spectra.

Among all these assets, a major problem still exists and can largely slow down

such a generalized use of 2D spectra (COSY or others): the acquisition times,

which are often prohibitive and non-acceptable when considering a lot of sam-

ples.

That is why faster COSY acquisition experiments are described in details

and tested in Chapter 5: the single-scan COSY and the use of Non-Uniform

Sampling (NUS). It is demonstrated in Chapter 5, which is a draft for a fourth

paper to submit, that these two faster COSY acquisition techniques provide

very similar MIC results than the initial conventional COSY (see Table 1.12).



1.6. Results and discussions 105

T
ab

le
1.

12
:

M
IC

re
su

lt
s

fo
r

co
n
ve

n
ti

on
al

C
O

S
Y

N
S

4
,

C
O

S
Y

N
S

1
a
n

d
C

O
S

Y
N

U
S

5
0

sp
ec

tr
a
,

a
cc

o
rd

in
g

to
th

e
ch

o
ic

e
o
f

d
iff

er
en

t
p

re
-p

ro
ce

ss
in

g
w

or
k
fl

ow
s

(G
P

L
an

d
V

ec
to

ri
za

ti
o
n

)

E
x
p

er
im

en
t

D
a
ta

A
C

D
/
L

ab
G

P
L

M
IC

in
d

ex
es

(W
ar

d
/

K
-m

ea
n

s)
In

er
ti

a
C

ol
u

m
n

s
th

re
sh

o
ld

d
ec

im
al

s
D

u
n

n
D

av
ie

s-
B

ou
ld

in
R

a
n

d
A

d
j-

R
an

d
B

tw
(%

)
W

th
(%

)
in
X

C
O

S
Y

N
S

4
G

P
L

0.
0
2

1
0
.8

0
8
8

/
0
.8

0
88

1.
5
69

6
/

1
.5

6
9
6

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
4
1
.0

1
58

.9
9

8
2
8

C
O

S
Y

N
S

4
G

P
L

0.
0
2

2
0
.7

9
1
7

/
0
.7

9
17

1.
6
94

3
/

1
.6

9
4
3

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
2
8
.5

7
71

.4
3

1
9
5
4

C
O

S
Y

N
S

4
G

P
L

0.
0
2

3
0
.8

1
3
1

/
0
.8

3
66

1.
8
56

5
/

1
.7

3
6
9

0.
5
94

2
/

0
.5

7
9
7

0
.1

7
4
4

/
0
.2

0
8
8

1
2
.1

2
87

.8
8

3
9
9
4

C
O

S
Y

N
S

4
G

P
L

0.
0
5

1
0
.8

7
9
2

/
0
.8

6
12

1.
3
63

5
/

1
.3

2
3
9

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
4
2
.6

2
5
7
.3

8
4
8
4

C
O

S
Y

N
S

4
G

P
L

0.
0
5

2
0
.8

6
9
9

/
0
.8

6
99

1.
6
07

4
/

1
.6

0
7
4

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
3
1
.7

6
68

.2
4

1
1
2
6

C
O

S
Y

N
S

4
G

P
L

0.
0
5

3
0
.8

0
1
3

/
0
.7

6
42

1
.8

4
8
4

/
1
.8

5
8

0.
5
94

2
/

0
.6

4
1
3

0
.1

7
4
3

/
0
.2

9
6
6

1
3
.8

4
86

.1
6

2
3
3
2

C
O

S
Y

N
S

4
C

O
S

Y
v
ec

to
ri

za
ti

o
n

0.
75

5
5

/
0
.7

5
8

0.
6
22

4
/

0
.7

1
6
6

0.
9
40

7
/

1
.0

0
0
.8

6
0
5

/
1
.0

0
9
1
.7

5
8
.2

5
65

5
3
6

C
O

S
Y

N
S

1
G

P
L

0.
0
2

1
0
.8

5
9
2

/
0
.6

7
63

1.
3
45

6
/

1
.1

9
3
2

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
5
5
.3

6
4
4
.6

4
3
3
7

C
O

S
Y

N
S

1
G

P
L

0.
0
2

2
0
.7

5
4
3

/
0
.7

5
43

1.
5
94

1
/

1
.5

9
4
1

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
3
5
.7

1
64

.2
9

8
9
5

C
O

S
Y

N
S

1
G

P
L

0.
0
2

3
0
.7

3
3
2

/
0
.7

3
59

1.
8
51

1
/

1
.8

8
0
2

0.
5
88

9
/

0
.5

8
8
9

0.
15

3
/

0.
15

3
1
5
.6

8
84

.3
2

1
8
5
9

C
O

S
Y

N
S

1
G

P
L

0.
0
5

1
0
.6

2
3

/
0
.6

2
3

1.
3
71

5
/

1
.3

7
1
5

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
5
6
.2

4
4
3
.7

6
2
0
1

C
O

S
Y

N
S

1
G

P
L

0.
0
5

2
0
.9

9
0
2

/
0
.9

9
0
2

1.
4
36

1
/

1
.4

3
6
1

0.
6
99

6
/

0
.6

9
9
6

0
.4

0
3
8

/
0
.4

0
3
8

3
7
.7

7
62

.2
3

5
0
9

C
O

S
Y

N
S

1
G

P
L

0.
0
5

3
0
.8

2
4
8

/
0
.6

0
65

1
.6

3
9

/
1
.8

3
0
8

0.
6
24

5
/

0
.8

1
4
2

0
.2

8
3
4

/
0
.5

8
6
9

1
6
.8

1
83

.1
9

1
0
6
5

C
O

S
Y

N
S

1
C

O
S

Y
v
ec

to
ri

za
ti

o
n

0
.5

7
3
3

/
0
.6

4
42

0.
6
22

6
/

0
.7

1
6
3

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
9
1
.3

8
8
.6

2
65

5
3
6

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
2

1
0
.8

0
2
4

/
0
.8

0
24

1.
3
26

4
/

1
.3

2
6
4

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
5
6
.2

5
4
3
.7

5
3
4
8

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
2

2
0
.7

5
3
1

/
0
.7

5
31

1.
5
94

1
/

1
.5

9
4
1

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
3
6
.1

5
63

.8
5

9
9
6

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
2

3
0
.7

2
2
1

/
0
.7

2
21

1.
9
02

2
/

1
.9

0
2
2

0.
8
00

7
/

0
.8

0
0
7

0
.5

6
5
7

/
0
.5

6
5
7

1
3
.2

5
86

.7
5

2
1
0
2

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
5

1
0
.6

0
1
9

/
0
.5

6
89

1
.1

7
2

/
1
.4

5
3
2

1
.0

0
/

1
.0

0
1
.0

0
/

1
.0

0
5
0
.0

7
49

.9
3

2
0
3

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
5

2
0
.6

2
0
5

/
0
.8

6
03

1.
5
55

9
/

1
.5

9
7
7

0.
8
26

1
/

0
.7

1
0
2

0
.6

1
0
2

/
0
.4

1
0
3

3
1
.8

9
68

.1
1

5
7
4

C
O

S
Y

N
U

S
5
0

G
P

L
0.

0
5

3
0
.6

5
6
4

/
0
.6

1
76

1.
5
09

5
/

1
.9

5
9
6

0.
4
96

4
/

0
.5

9
4
2

0
.0

93
/

0
.0

98
7

1
4
.0

0
86

.0
0

1
1
6
7

C
O

S
Y

N
U

S
5
0

C
O

S
Y

v
ec

to
ri

za
ti

o
n

0
.6

7
8
3

/
0
.6

7
83

0.
8
51

8
/

0
.8

5
1
8

0
.9

4
4
7

/
0
.9

4
4
7

0
.8

6
9
3

/
0
.8

6
9
3

8
2
.1

4
1
7
.8

5
65

5
3
6



106
Chapter 1. THE ANALYSIS OF 2D NMR SPECTRA IN METABOLOMICS

STUDIES: from pre-processing workflows to 2D biomarker discovery

Thus, the demonstrated advantage of the COSY data source over the 1D 1H-

NMR one is still verified. Consequently, using techniques like the single scan

or the Non-Uniform Sampling can really open the door to a more massive use

of 2D COSY spectra in metabolomics studies and can facilitate the analyses of

larger cohorts of samples.

1.7 Appendix of Chapter 1: comparisons of MIC

quality measures when considering different

dimensionalities for the descriptors

In Section 1.3.2.3, when MIC clustering quality measures were introduced,

different matrices with different dimensionalities have to be assessed and com-

pared between each other. An important question may arise: can these mea-

sures (inertia, Dunn, Rand, ...) be really compared from a dimension to another

(with objects of same sample size n, but having different numbers of descrip-

tors m) ? Indeed, higher dimensionality may induce a reduction in relevance

for some indexes due to the curse of dimensionality.

Consider the mixture cell culture data set of Paper I (see Table 1.1). Four

mixtures are present in the experimental design and 36 individual samples are

available. Consider corresponding 1D 1H-NMR pre-processed and bucketed

spectra with 250 buckets, such that the global 1D spectral matrix is a (36×250)

matrix. Let us call this matrix M . In order to explore this dimensionality

issue, four experiments were performed. They all compare spectral matrices

with increasing number of columns m = 250 to 16000. Four sets of matrices

were built as follows:

• Experiment I : increase the number of columns of M by adding repeated

blocks to M . Objects with m = (250, 500, 1000, 2000, 4000, 8000, 16000)

are considered such that the global matrix MG =
[
M M M ...

]
.

Corresponding MIC results are available in Table 1.13.

• Experiment II : increase the column dimensionality by multiplying M by

several random error matrices M.Ei1. Ei1 is chosen to simulate 5% noise

according to random log-normal deviates. Here, MG is then defined as

MG =
[
M.E1

1 M.E2
1 M.E3

1 M.E4
1 ...

]
.

Objects with m = (250, 500, 1000, 2000, 4000, 8000, 16000) are considered

and corresponding MIC results are available in Table 1.14.
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• Experiment III : increase the column dimensionality by multiplying M

by Ei2 in a similar way than in Experiment II, but with an amount of

random noise of 25% of the original signal. MG is then defined as

MG =
[
M.E1

2 M.E2
2 M.E3

2 M.E4
2 ...

]
.

Objects with m = (250, 500, 1000, 2000, 4000, 8000, 16000) are considered

and corresponding MIC results are available in Table 1.15.

• Experiment IV : increase the column dimensionality by considering differ-

ent bucketing schemes on the original 1D spectral data. Different buck-

eted objects with m = (250, 500, 1000, 2000, 4000, 8000, 16000) are taken

into account. Corresponding MIC results are available in Table 1.16.

In Table 1.13, one can see that replicating strictly redundant blocks, contain-

ing the same information, does not affect MIC criteria calculations. Thus, MIC

criteria remain strictly identical when the number of columns (m) increases

without proper increase in the dimensionality.

Table 1.13: MIC results for Experiment I

Columns MIC indexes (Ward / K-means) Inertia
in X Dunn Davies-Bouldin Rand Adj-Rand Btw (%) Wth (%)
250 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
500 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
1000 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
2000 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
4000 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
8000 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
16000 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29

Table 1.14 shows MIC results when introducing successive noisy deviations

in the data blocks (by simulating a 5% random noise in each (36 × 250) new

block). In this case, one can see that homogeneity indexes are very stable

(Dunn, Davies-Bouldin and between inertia). Between inertia results decrease

gradually and very slowly every time a block is added. Thus, these measures

remain robust when a little amount of noise is considered. Moreover, accuracy

indexes (Rand and Adjusted-Rand) are not impacted at all in this context.

Table 1.15 shows MIC results when introducing a bigger amount of noise in

the data (by simulating a 25% random noise in each (36 × 250) new block).

In this case, homogeneity measures are not any more stable. Between inertia

results decrease gradually and rapidly every time a block is added.

Consequently, one can consider that inertia measures can not be really com-

pared when the increase of m happens in the presence of an important noise

level. On the other hand, accuracy indexes remain very stable, which means
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Table 1.14: MIC results for Experiment II

Columns MIC indexes (Ward / K-means) Inertia
in X Dunn Davies-Bouldin Rand Adj-Rand Btw (%) Wth (%)

250 (M) 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
250 0.3189 / 0.2972 0.7136 / 0.6621 0.8714 / 0.8428 0.6564 / 0.6138 90.85 9.15
500 0.3318 / 0.3120 0.6993 / 0.6627 0.8714 / 0.8428 0.6564 / 0.6138 90.52 9.49
1000 0.3526 / 0.3233 0.7262 / 0.6666 0.8714 / 0.8428 0.6564 / 0.6138 90.31 9.69
2000 0.3628 / 0.3380 0.7694 / 0.7078 0.8714 / 0.8428 0.6564 / 0.6138 90.01 9.99
4000 0.3762 / 0.3603 0.7867 / 0.7122 0.8714 / 0.8428 0.6564 / 0.6138 89.74 10.26
8000 0.3895 / 0.3707 0.8083 / 0.7326 0.8714 / 0.8428 0.6564 / 0.6138 89.46 10.54
16000 0.3986 / 0.3805 0.8242 / 0.7456 0.8714 / 0.8428 0.6564 / 0.6138 89.20 10.80

that the partition of the individuals into clusters remains robust and inter-

pretable even with a higher level of noise.

Table 1.15: MIC results for Experiment III

Columns MIC indexes (Ward / K-means) Inertia
in X Dunn Davies-Bouldin Rand Adj-Rand Btw (%) Wth (%)

250 (M) 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
250 0.3514 / 0.3514 1.1632 / 1.1632 0.8777 / 0.8777 0.6609 / 0.6609 89.20 10.80
500 0.4175 / 0.4124 1.3848 / 1.3719 0.8524 / 0.8397 0.5824 / 0.5594 73.86 26.14
1000 0.4433 / 0.3919 1.4088 / 1.3678 0.8428 / 0.8397 0.5619 / 0.5454 69.26 30.74
2000 0.4931 / 0.4157 1.3882 / 1.8376 0.8497 / 0.8524 0.5876 / 0.6019 65.18 34.82
4000 0.5064 / 0.5064 1.6829 / 1.6829 0.8497 / 0.8497 0.5791 / 0.5791 60.81 39.19
8000 0.6210 / 0.5051 1.2915 / 1.7483 0.8474 / 0.8565 0.5696 / 0.5991 57.01 42.99
16000 0.6168 / 0.5421 1.3604 / 1.7735 0.8587 / 0.8714 0.5996 / 0.6363 54.25 45.75

Finally, Table 1.16 is more devoted to compare different levels of bucketing

applied on the 1D data matrix M . In this case, very different from the others,

the same real data is bucketed and there is no artificial noise addition.

One can find that results observed in Tables 1.4, 1.5 (Paper I), 1.9 (Paper

III) and 1.12 are again confirmed via this larger 1D study: the indexes tend to

show that the best informative content and separability are reached by objects

involving small matrices (i.e. a strong bucketing step, in bold in Table 1.16).

Table 1.16: MIC results for Experiment IV

Columns MIC indexes (Ward / K-means) Inertia
in X Dunn Davies-Bouldin Rand Adj-Rand Btw (%) Wth (%)
250 0.3523 / 0.2677 0.6233 / 0.5944 0.8714 / 0.8428 0.6564 / 0.6138 91.71 8.29
500 0.3039 / 0.2456 0.6158 / 0.6853 0.8365 / 0.8175 0.5690 / 0.5357 89.18 10.82
1000 0.3227 / 0.3227 0.6215 / 0.6215 0.7809 / 0.7809 0.4291 / 0.4291 73.39 26.61
2000 0.4913 / 0.4788 0.5821 / 0.5796 0.7730 / 0.8064 0.4734 / 0.5369 65.37 34.63
4000 0.3574 / 0.4667 1.0624 / 1.0838 0.7809 / 0.7889 0.4291 / 0.4583 55.75 44.25
8000 0.5399 / 0.5399 1.2302 / 1.2302 0.7889 / 0.7889 0.4583 / 0.4583 52.12 47.88
16000 0.5390 / 0.5390 1.2887 / 1.2887 0.7889 / 0.7889 0.4583 / 0.4583 49.70 50.30
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In conclusion, this appendix shows that the comparison of MIC clustering

quality measures when different numbers of features/descriptors (m) are con-

sidered has to be done with caution, more especially for homogeneity indexes

and inertia (accuracy indexes are more stable) and when a significant amount

of noise exists in the data.

However, the pre-processing steps and tools discussed in this thesis are in-

tended to decrease and control this amount of noise during metabolomics anal-

yses.
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CHAPTER 2

PAPER I : Statistical treatment of 2D NMR COSY

spectra in metabolomics

This Chapter 2 includes the full text of Paper I, which is entitled ”Statisti-

cal treatment of 2D NMR COSY spectra in metabolomics: data preparation,

clustering-based evaluation of the Metabolomic Informative Content and com-

parison with 1H-NMR” (Féraud, B., Govaerts, B., Verleysen, M., and De Tullio,

P., Metabolomics, 11(6), 1756-1768 (2015)).

It is aimed at introducing the Global Peak List (GPL, Section 1.2.2.1) ap-

proach for handling a set of 2D COSY spectra included in a whole experimen-

111
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tal design, at introducing the Metabolomic Informative Content (MIC, Section

1.3.2) concept for evaluating and comparing the quality of the available data

sources and finally at demonstrating that the COSY second dimension brings

an informational added value compared with conventional 1D 1H-NMR spec-

tra.

Abstract

Compared with the widely used 1H-NMR spectroscopy, two-dimensional NMR

experiments provide more sophisticated spectra which should facilitate the

identification of relevant spectral zones or biomarkers in metabolomics. This

paper focuses on 1H-1H COSY (COrrelation SpectroscopY) spectral data. In

spite of longer inherent acquisition times, it is commonly accepted by users

(biologists, healthcare professionals) that the introduction of an additional di-

mension probably represents a huge qualitative step for investigations in terms

of metabolites identification. Moreover, it seems natural that more informa-

tion leads to more predictive power. But, until now, very few statistical studies

clearly proved this assumption. Therefore a fundamental question is ”Is this

supplementary information relevant?”. In order to extend the statistical prop-

erties developed for 1D spectroscopy to the challenges raised by 2D spectra, a

rigorous study of the performances of COSY spectra is needed as a prerequisite.

Having introduced new pre-processing concepts, such as the Global Peak List

or an ad hoc 2D ”bucketing”, this paper presents an innovative methodology

based on multivariate clustering algorithms to evaluate this question. Numeri-

cal clustering quality indexes and graphical results are proposed, based both on

the spectral presence or absence of peaks (binary position vectors) and on peak

intensities, and through different levels of spectral resolution. The second goal

of this paper is to compare clustering performances obtained on COSY and

on 1H-NMR spectra, with the aim of understanding to what extent the COSY

spectra carry more Metabolomic Informative Content (MIC) about the signal

than 1D ones. The methodology is applied to two real experimental designs

involving different groups of spectra (which define the signal): a 4-mixture cell

culture media containing various supervised metabolites and a complex human

serum based design. It is shown that COSY spectra appear to be statistically

powerful and, in addition, provide better clustering results than corresponding
1H-NMR when using unlabeled information. Consequently, additional infor-

mation appears to be relevant for metabolomics applications.

Keywords: COSY spectra - Metabolomic Informative Content - Peak lists -

Multivariate clustering algorithms - Real data
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2.1 Introduction

Widely used for finding bio-active metabolites in living organisms and to study

the impact of various biotic and abiotic effects, metabolomics studies [Nichol-

son et al., 2002] were initialy intended to search for metabolites interpretable

as ”biomarkers” for a given disease or toxicity. These discriminant metabo-

lites are usually tracked in partial or complete spectral images, linked with

biofluids (serum, urine) or tissues, using adequate univariate or multivariate

statistical techniques. It is clear that the sampling preparation, spectral ac-

quisition and data pre-processing have a crucial impact on the global quality

of the data and on the chances to finally discover relevant biomarkers. Fur-

thermore, an accurate statistical analysis will rarely compensate ”dirty” initial

data. Many acquisition and pre-processing tools are available and it is often

difficult to objectively and quantitatively evaluate which ones will provide the

more informative data in a given context. This motivated the development of

the methodology described in this paper when data are organized in groups.

In this context, proton nuclear magnetic resonance (1H-NMR) spectroscopy

generates spectral profiles describing the metabolite composition of collected

samples. A comparison of several spectra of metabolites in various specific

states permits a preliminary graphical and qualitative investigation of changes

in metabolite composition inherent to the presence of a ”stressor”. However,

the complexity of 1H-NMR spectra and the number of spectra (of samples) usu-

ally available in metabolomics studies require a semi-automated data analysis.

In addition, systematic differences between samples are often hidden behind

biological noise and/or behind peak shifts.

To avoid these peak shifts and the usual overlappings of potentially indepen-

dent signals, the use of two-dimensional homonuclear or heteronuclear experi-

ments has gained attention these last years to identify metabolites. However,

these tools are often left behind due to longer, and sometimes prohibitive, ac-

quisition times. In this paper, COSY spectra are investigated [Aue et al., 1976]

[Keeler, 2010] [Akitt and Mann, 2000]. COSY consists in a correlation-based

method for determining which signals arise from neighboring protons (usually

up to four bonds). Correlations appear when there is spin-spin coupling be-

tween protons (i.e. correlation between two or more nearby chemical processes).

Several works exist in the literature in order to get around the time-consumming

acquisition problem, specifically for multidimensional COSY data (for exam-

ple Ultrafast-COSY [Giraudeau, 2010] [Queiroz et al., 2013] or PALSY-COSY

[Vega et al., 2010]). Compared to 1H-NMR experiments for instance, the in-

troduction of an additional dimension should allow a better representation of

metabolites, a better predictive power and a better biomarker identification.

Several works are already based on 2D-COSY or on faster extentions of COSY,



114
Chapter 2. PAPER I : Statistical treatment of 2D NMR COSY spectra in

metabolomics

such as in [Xi et al., 2007], [Yun et al., 2013] or [Le Guennec et al., 2014]. But,

until now, very few statistical studies clearly tackled the potential superiority

of 2D spectra (these studies mainly concern the group of Bruschweiler, see for

instance [Bruschweiler and Bingol, 2011] and [Bruschweiler et al., 2014]). This

lack leads to a central and fundamental question: is this supplementary infor-

mation really relevant in the context of metabolomics analyses? If it is the

case, the interest of using two-dimensional methods would be legitimated, even

at the price of potentially superior acquisition times.

In this paper, the innovative notion of ”Metabolomic Informative Content”

(MIC) is central. The intention is to systematically evaluate the amount of

captured information (i.e. the extent to which signals are captured) compared

with the noisy part through several spectra. It goes away from the more clas-

sic version of repeatability in spectrometry which involves only one spectrum

at a time. Generally, a measure can be considered as the sum of a signal

(useful information) and noise. In many metabolomics studies, the signal is

controlled and often linked with the existence of different mixtures, different

samples or different groups of people (people affected by a disease vs. healthy

people, people affected by a disease at different levels, ...). And the noisy part

of the information is generally provoked by the characteristics of the design,

the methods of acquisition, the temporal dimension (repetitions during time,

deterioration of the samples, etc...) and the processing. The purpose would

be to measure the predominance of the signal with regard to noise, but it is

not obvious in a non-supervised context. A way is to suppose that only the

useful information can be ”repeatable” and that the noise is independent and

identically distributed, with signal |= noise. With this hypothesis, evaluating

the Metabolomic Informative Content gives an idea if signal >> noise or not.

In other words, for any set of spectra, it allows a direct comparison between dif-

ferent spectral tools and can also be seen as an evaluation of predictive ability

in this paper.

According to this context and by using peak lists data sets, the first goal

is to show that COSY spectra are successful, i.e. that COSY spectra allow

to capture the main part of the information connected to the signal(s). The

second goal is to demonstrate that COSY spectra are ”more successful” than
1H-NMR corresponding spectra and, by doing so, to demonstrate the utility and

the importance of the additional second dimension. To reach these goals and

to obtain quantitative responses, a multivariate clustering approach is selected

and applied on unlabeled spectra in order to recover the signal. Two clustering

algorithms (hierarchical Ward algorithm and K-Means algorithm) are used, as

well as multiple combinations between different distance measures, between the
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use of binary positions vectors (presence or absence of a peak) and of intensity

vectors and between different spectral resolutions.

The paper is organized as follows. Section 2.2 provides a detailed description

of the two experimental designs used to illustrate the methodology and reach

the goals. These experimental designs are both involving real data: the first

one implies repeated measurements of 4-mixture cell culture media containing

various supervised metabolites, and the second one, a human serum based

design with time sampling repetitions and multiple measurement permutations.

In each case, COSY spectra and 1H-NMR spectra are collected together for

further comparisons. Section 2.3 provides a description of the different pre-

processing steps: construction of a ”Global Peak List”, construction of binary

positions vectors and intensity vectors, symmetrisation, water peak deletion,

outlier deletion, etc... In this section, it is also explained how the spectral

resolution is controlled (and the size of the data sets) by performing a so-called

”bucketing” based on changes in the number of decimals in the global matrix.

Clustering algorithms and associated distance measures are also detailed in

this section. Section 2.4 contains the results: first, an analysis of the COSY

spectra performances based on both positions (presences or absences of peaks)

and intensities. Numerical outputs and a dendrogram illustrate these results.

The comparisons between 1D and 2D spectra are also discussed in Section 2.4.

Finally, a general conclusion and further works are given in Section 2.5.

2.2 Materials: COSY spectra, experimental de-

signs and acquisition parameters

In this section, the second dimension in COSY spectra will motivate the main

goal of this paper. Details about the two real experimental designs used to

illustrate the methodology are provided. And finally, a technical explanation

of 1H-NMR and COSY spectra acquisition is proposed in Section 2.2.2.

2.2.1 Experimental designs

The methodology presented in this paper is applied on two real data sets,

obtained from two designed experiments.

2.2.1.1 First design: cell culture media

The first design is based on four different mixtures (four cell culture media

containing various levels of different metabolites like fetal bovine serum, amino

acids, vitamins, proteins, etc...): DMEM/F12, MEM, RPMI/1640 and DMEM.
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500µl of cell culture media were supplemented with 200µl of deuterated phos-

phate buffer (0.1M, pH=7.4) containing 1% of sodium azide and 10µl of TMSP

(10 mg/ml). The solutions were then transferred into 5mm NMR tubes be-

fore NMR measurement. Three samples per mixture were collected, and three

repeated measures were performed on each sample. All samples were subject

to freezing (-20◦C) and defrosting steps before te analysis, with real risks of

degradation and bacterial contamination because of the duration of the 2D

analysis process.

In this design, signal corresponds to the four initial mixtures and noise arises

from the sampling, time replicates, risks of degradation and other acquisition

and condition parameters. 36 measures are finally available, corresponding to

36 COSY spectra and 36 corresponding peak lists. These peak lists are (ti×3)

matrices: with ti the number of detectable peaks (whose values are above a

machine-designed threshold) in sample i (i = 1, ..., 36). The three columns in

these matrices correspond to the coordinate, or chemical shift, on the first axis

(ppm), the coordinate on the second axis (ppm) and the raw intensity of the

peak. The 36 corresponding 1H-NMR spectra were also collected. The total

number of spectra is called n in the remainder of the paper.

2.2.1.2 Second design: human serum

The second experimental design is based on human serum. Peripheral blood

was collected in serum separating tubes (Greiner). Sera were distributed into

0.5ml aliquots and stored at -80◦C just after sampling. Four blood donors

were engaged for the study. For each collected sample, 500 µl of serum, de-

frosted just before the analysis, were supplemented with 200µl of deuterated

phosphate buffer (0.1M, pH=7.4) containing 1% of sodium azide and 30µl of

TMSP (10 mg/ml). The solutions were then transferred into 5mm NMR tubes

before NMR measurement. The design consists in eight days of measurements

with replicates within each day and multiple permutations according to a latin

hypercube sampling (LHS) method [Iman, 2008] (in order to avoid confusion

between donors and times of analysis). For each day, the four donors samples

were analyzed and provided four COSY spectra and four 1H-NMR spectra.

Spectral techniques (1D or 2D COSY) have not been applied at the same mo-

ment of the day, thus creating different delays before spectral measurement.

Finally, eight measures/spectra/peak lists are obtained per donor, which cor-

responds to 32 measures in all (32 1D spectra and 32 COSY spectra). Again,

peak lists are from particular interest and correspond to (ti× 3) matrices with

ti the number of detectable peaks in the sample, or spectra, i (i = 1, ..., 32).
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2.2.2 Spectra acquisition

1D and 2D spectra were recorded at 298K on a Bruker Avance spectrometer

operating at 500.13MHz for the proton signal acquisition. The instrument was

equipped with 3 channels and with a 5mm triple resonance (HCN) cryoprobe

with a Z-gradient and automatic tuning and matching system (ATMA). All

samples were locked using deuterated water and shims were tuned using auto-

tune (Topshims) and samples are measured manually without spinning. Due

to the nature of the samples, a presaturation sequence was used in all the

experiments in order to minimize the water signal. All data were referenced

to internal sodium 3-trimethylsilyl-2,2,3,3-d4-propionate (TMSP) at 0.00 ppm

chemical shift (all spectra are calibrated with regard to TMSP).

According to sample type, the 1H-NMR spectra were acquired using either a

1D noesypresat sequence (cell culture mixture) or a CPMG relaxation-editing

sequence with presaturation (human sera). Upon the presence of proteins in

serum, the use of a sequence with a T2 filter (CPMG) greatly improves the

baseline.

The noesypresat experiment (pulse sequence noesygppr1d supplied by Bruker)

used a RD-90◦-t1-90◦-tm-90◦-sequence with a relaxation delay of 4s, a mixing

time of 100ms and a fixed t1 delay of 20µs (spectral window of 10000 Hz).

The water suppression pulse was placed during the relaxation delay (RD).

The number of transients was typically 32. The acquisition time was fixed

to 3.2769001s and a quantity of four dummy scans was chosen. FIDs were

collected in 64 K time data points. The data were processed with the Bruker

Topspin 2.1 software with a standard parameter set. The phase and baseline

corrections were performed manually over the entire spectral range and a line

broadening of 0,3 Hz was applied.

The CPMG experiment (pulse sequence cpmgpr1d supplied by Bruker) used

a RD-90◦-(t-180◦-t)n-sequence with a relaxation delay (RD) of 2s, a spin echo

delay (t) of 400µs and the number of loops (n) equal to 80. The water suppres-

sion pulse was placed during the relaxation delay (RD) and a spectral window

of 10245 Hz. The number of transients was typically 32. The acquisition time

was fixed to 3.982555s and a quantity of four dummy scans was chosen. FIDs

were collected in 64 K time data points. The data were processed with the

Bruker Topspin 2.1 software with a standard parameter set. The phase and

baseline corrections were performed manually over the entire spectral range

without line broadening.

Gradient enhanced magnitude COSY experiment (pulse sequence cosygpprqf

supplied by Bruker) with a presaturation during relaxation delay was used

for 2D measurements. Spectra were collected with 4096 points in t2 and 300

points in t1 over a sweep width of 10 ppm, with six scans per t1 value. The
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acquisition times were fixed to 0.2557028s in F2 and 0.0187212 in F1. The

resulting COSY spectra were processed in Topspin 2.1 using standard methods,

with sine-squared apodization in both dimensions and zero filling in t1 to yield

a transformed 2D dataset of 2048 by 2048 points.

Individual peak lists were then extracted using ACD/Labs 12.00 (ACD/NMR

processor, freeware). For each 2D spectra, a (ti×3) matrix provides the (X,Y )

coordinates of the ti peaks observed in the spectrum and their related intensities

in a third column.

2.3 Methods: global peak list, pre-processing

steps and clustering analysis

In this section, all data manipulations and pre-processing steps, both for stan-

dard metabolomics studies and for the particular purpose of this paper, are

detailed. Then, a discussion on how to control the data resolution and, con-

sequently, the size of the databases is proposed. Finally, clustering algorithms

and related distance measures are also described in detail.

2.3.1 Global Peak List matrix

When one wants to perform simultaneous data analysis of a set of COSY spectra

expressed in peak lists, a first requirement is to gather them together in a global

object. The solution proposed here consists in building a so-called ”Global Peak

List” (GPL) matrix from the n (ti × 3) individual peak list matrices available

for each of the n 2D spectra. This (T ×N) GPL matrix includes, as rows, the

T pairs of coordinates that appear in at least one of the individual spectra.

The N = 2 + 2n columns include first the two peak coordinates columns, and

then, for each individual spectrum, two columns corresponding to the observed

peak intensities and to a deduced binary number (1 or 0) indicating if the peak

appears or not in the spectrum (i.e. corresponds then to a strictly positive

or to a null intensity). For the first design, the GPL is a (3250 × 74) matrix

(74 = 2 + 2 ∗ 36). For the second one, the GPL is a (6686 × 66) matrix

(66 = 2 + 2 ∗ 32). The GPL matrix can also be viewed as a combination of

three matrices: a (T × 2) matrix of coordinates, a (T ×n) matrix of intensities

I and a (T × n) matrix of positions P (presence or absence).

In this paper, both spectral intensities and peak positions are considered of

particular interest. Working on the signals’ positions or, in other words, on the

simple existence of signals is motivated by a biological justification: a signal,

or a particular metabolite, can be observed or not for a particular donor or in
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a particular media. If a signal is present in detectable quantity, this presence

or absence is supposed to be stable, whereas intensities are variable from one

measure to another, according to potential uncontrolled factors. Working on

positions, or absence/presence, can then be seen as a qualitative approach;

working on intensities can be seen as a more quantitative approach as it is

directly linked with concentrations.

2.3.2 Pre-processing steps

The following pre-processing steps have been implemented on the Global Peak

List matrices:

• Symmetrisation. By construction, all COSY spectra have to be sym-

metrical around the diagonal (see Section 2.2). Consequently, all other

points or peaks are artifacts and have to be removed. It mainly concerns

negative intensities and typical ”crosses” which arise when choosing a

wrong baseline and/or when some signals are abnormally too intense

[Marion, 2016].

• Water zone deletion. Water is not of interest for metabolomics inves-

tigations. In COSY spectra, water peaks are concentrated in a square

area between 4.5 and 5.5 ppm. Intensities and positions inside this area

were simply removed by assigning them a zero value. A light loss of in-

formation can occur concerning metabolites present in this zone. More

advanced methods also exist, see for example [Mao and Ye, 1997].

• Normalization of the intensities. Vectors of recoded intensities are

simply obtained by applying a constant sum (CS = 1) normalization

[Craig et al., 2006] after water zone deletion. This method is also known

as 1-Norm [Rasmussen et al., 2011].

• Outlier deletion. Some spectra can contain unexpected extreme signal

values due, for example, to exceptional external factors. These outliers

should be identified before data analysis and removed because they could

be too influent. On both position and recoded intensities vectors, Prin-

cipal Component Analysis (PCA) were applied for graphical identifica-

tion of outliers, and Mahalanobis distances were calculated between raw

spectra and between group centered spectra. In the context of the first

experimental design, three spectral outliers were found and ignored for

upcoming analysis (because simultaneously suspected via positions and

intensities). In the same way, three spectra were suspected to be outliers

for the second design (see Fig.2.1 for an illustration).
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Figure 2.1: Graphical identification of outliers using PCA’s score plot. Here,
three spectral outliers are detected based on intensities vectors: Day 2 (J2) at
Time 16 (T16) for donor 4 (D4), Day 2 (J2) at Time 11 (T11) and Day 8 (J8)
at Time 9 (T9) for donor 3 (D3).

2.3.3 Control of data resolution

In 1H-NMR spectroscopy, bucketing tools are common and widely used to con-

trol the spectral resolution and/or to overcome the misalignments problem.

Classical and more advanced bucketing methods have already shown their use-

fulness for 1H-NMR spectra [Rousseau, 2011] [Sousa et al., 2013]. In this paper,

a bucketing step adapted to 2D-COSY is proposed in order to control the size

of the database and, consequently, the resolution level of the two-dimensional

spectra. Practically, a variation of the number of decimals of the coordinates

is proposed. The intensities belonging to a bucket are then aggregated. For

example, if the couples of coordinates [3.286; 4.194], [3.281; 4.189] and [3.278;

4.191] provide positive intensities INT1, INT2 and INT3 respectively, the cou-

ple [3.28; 4.19] provides an intensity equal to INT1+INT2+INT3 when adjust-

ing the number of allowed decimals from 3 to 2. In this paper, three, two and

one decimal cases are tested for analysis. Using this method, the width of the

COSY peaks is adjusted and the resolution and size of the databases are also

adjusted simultaneously. Furthermore, intermediate resolutions can of course

be computed in the same way.
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Table 2.1: Dimensions of the GPL matrices according to different resolutions

One decimal Two decimals Three decimals
First design (909× 74) (2348× 74) (3250× 74)

Second design (1106× 66) (4172× 66) (6686× 66)

For positions, the aggregation process leads to another dummy variable and

results from a simple function: a peak is considered in a bucket if at least one

peak is present at the lower resolution level. For example, 1 and 1 lead to 1,

1 and 0 lead to 1 and 0 and 0 lead to 0 (absence everywhere). Finally, for the

two experimental designs, the GPL matrices have the dimensions described in

Table 2.1 after ”bucketing” and before outlier deletion.

2.3.4 Clustering algorithms and distance measures

This section introduces a methodology able to quantify and compare with ade-

quate indexes the Metabolomic Informative Content (in a sense of advantageous

signal capture compared to noise) of different sets of spectra. This methodol-

ogy is applied in Section 2.4 to the two designs (each organized in four groups:

mixtures or blood donors) in order to compare the MIC of 1D and 2D COSY

spectra.

For 2D experiments, several combinations between intensities and position

vectors, and between the use of one, two or three decimal(s) GPL matrices

is tested. Using all this information, an intuitive way to evaluate the MIC of

COSY spectra consists in non-supervised multivariate clustering (blind, with

no a priori labeled information). The key idea is quite simple: if one manages

to well separate and recover the four initial mixtures starting from the 36

unlabeled spectral measures of the first design, and/or if one manages to well

separate and recover the four blood donors starting from the 32 unlabeled

spectral measures of the second design, the goal is reached. It would mean

that the signal, specific to each group of spectra, is sufficiently captured, despite

the noise due to the time repetitions, the sampling methods, the freezing and

defrosting periods of the samples, the risks of bacterial contamination, the

potential environmental changes, etc... In other words, the objective is to verify

that the within-cluster (intra) variance is minimized and that the between-

cluster (inter) variance is maximized during data acquisition. Clustering is a

natural and accurate tool to check this problem.

Two well-known clustering algorithms are considered: the hierarchical Ward

algorithm and the K-Means algorithm (for intensities only in this second case).
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• The Ward’s Algorithm [Ward, 1963] [Murtagh and Legendre, 2011] is

a commonly used procedure for forming hierarchical groups of mutually

exclusive subsets. It is particularly useful for large-scale studies (ideally

with more than 100 objects) when a precise optimal solution for a spec-

ified number of groups is not practical. Given n objects, this procedure

reduces them to n − 1 mutually exclusive sets by considering the union

of all possible n(n − 1)/2 pairs and selecting the union having the min-

imal dissimilarity measure or aggregation index. Initially, each object is

assigned to its own cluster and then the algorithm proceeds iteratively,

at each stage joining the two most similar clusters, continuing until there

is just a single cluster. At each stage distances between clusters are re-

computed by the Lance-Williams dissimilarity update formula [Murtagh

and Legendre, 2011] [Murtagh and Contreras, 2012]. In this work, the

hclust R (http://www.R-project.org) function is used, which performs

hierarchical clustering and proposes a set of dissimilarity measures.

• K-means clustering [McQueen, 1967] is a vector quantization method,

originally from signal processing, that is popular for cluster analysis in

machine learning. K-means clustering aims at partitioning the n obser-

vations into k clusters in which each observation belongs to the cluster

with the nearest mean, serving as a prototype of the cluster. This re-

sults in a partitioning of the data space into Voronoi cells. The most

common algorithms use an iterative refinement and alternates between

assignment steps and update steps [McKay, 2003]. They can only be

applied on intensities here because means can not be properly defined

for binary variables. The kmeans R function is used, allowing the joint

use of the Hartigan-Wong, Lloyd and McQueen algorithms [Hartigan and

Wong, 1979] [Lloyd, 1957, 1982].

Of course, both algorithms need the choice of an appropriate similarity mea-

sure, or distance, to quantify the neighborhood relation between two objects.

Clustering on binary positions vectors is first considered here. Specific sim-

ilarity measures such as Ochiai, Jaccard, Dice or Russel-Rao are needed to

capture the binary specificity [Plasse et al., 2007]. To avoid redundancy, only

two of them are used in this paper: the Jaccard and Ochiai ones. Given p

binary (0=absent; 1=present) attributes, like the positions in this paper, these

similarity measures between any two objects X and Y of a library are built

from a general contingency table, counting the number of common attributes.

Let us call a the number of common attributes when X = Y = 1, b when
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X = 1 and Y = 0, c when X = 0 and Y = 1 and finally d when X = Y = 0.

On this basis, the Jaccard and Ochiai similarity measures have both a range

of 0 to 1 and are defined as follows:

Jaccard(X,Y ) =
a

a+ b+ c
=
|X ∩ Y |
|X ∪ Y |

(2.1)

Ochiai(X,Y ) =

√
a

a+ b

√
a

a+ c
=
|X ∩ Y |√
|X|.|Y |

. (2.2)

Obviously, two spectra with many common peaks are supposed to provide

high measures. The Jaccard measure can be interpreted as the size of the

intersection divided by the size of the union of the sample sets; and the Ochiai

measure as a geometric mean of the probabilities that if one object has the

attribute, the other object has it too. Because product increases weaker than

sum when only one of the terms grows, Ochiai will be really high only if both

of the two proportions (probabilities) are high. It implies that the objects must

share a great part of their attributes to be considered similar by Ochiai. Notice

that the Ochiai coefficient can be considered as being identical to the cosine

similarity index [Holliday et al., 2002].

Clustering algorithms on recoded intensities are also implemented and use the

classic euclidean distance as similarity measure. In Cartesian coordinates, if

X = (x1, x2, ..., xp) and Y = (y1, y2, ..., yp) are two objects in Rp, then the

euclidean distance from X to Y , or from Y to X, is given by:

d(X,Y ) = d(Y,X) =

√√√√ p∑
i=1

(yi − xi)2 = ||Y −X||2 . (2.3)

In this paper, the number of clusters is set to K = 4 in order to correspond to

the initial number of mixtures (first design) and to the initial number of blood

donors (second design). Multiple combinations between Ward/K-Means algo-

rithms, between intensities/positions vectors, between one/two/three decimals

for the resolution of the GPL matrices (and between Ochiai/Jaccard measures

for the binary part of the clustering) were experimented; results are discussed

in Section 2.4.

2.3.5 Numerical indexes to evaluate the quality of the

clustering results

To allow an objective and numerical evaluation of the quality of the cluster-

ing results, four indexes have been used: Dunn, Davies-Bouldin, Rand and
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Adjusted Rand indexes. The two first evaluate the homogeneity of clusters

regardless of the initial groups content; the two last measure the correctness of

the non-supervised clustering process according to these initial groups.

The Dunn index (DI) [Dunn, 1973] corresponds to the ratio between the

smallest distance between observations not in the same cluster and the largest

intra-cluster distance. Let C = (C1, ..., CK) be a particular clustering partition

of n objects into K disjoint clusters. Let ∆m be the maximum distance between

observations in the cluster Cm. The Dunn index is computed as:

DIC = min
Ck,Cl∈C,Ck 6=Cl

{
mini∈Ck,j∈Cl

dist(i, j)

maxCm∈C ∆m

}
. (2.4)

In this work, the evaluation of inter and intra-cluster distances is based on

euclidean, Ochiai or Jaccard metrics according to the nature of the data.

The Davies-Bouldin index (DBI) [Davies and Lampen, 1993] is an internal

evaluation scheme, where the validation of how well the clustering has been

done is evaluated using quantities and features inherent to the dataset. Let Ci
be a cluster. Let xj be a p dimensional feature vector of the objects assigned

to cluster Ci, Ai the medoid associated with Ci and |Ci| the cardinality of Ci.

Medoids are preferred compared with centroids in order to be able to work on

binary positions. With these preliminary definitions, let Γi be the euclidean

measure of variation within this cluster:

Γi =

√√√√ 1
|Ci|

|Ci|∑
j=1

||xj −Ai||2 .

The euclidean example is detailed here but note that many other distance

metrics can be used. Again, in the case of binary variables, the euclidean

distance is replaced by the Ochiai and Jaccard ones. Let also γ(Ci, Cj) be

a measure of separation between cluster Ci and cluster Cj , and ai,l the lth

element of Ai, (l = 1, ..., L). One can write:

γ(Ci, Cj) = d(Ai, Aj) = ||Ai −Aj ||2 =

√√√√ L∑
l=1

|ai,l − aj,l|2 .

On this basis, the Davies-Bouldin index is defined as follows:

DBIC ≡
1

K

K∑
i=1

max
j:i6=j

{
Γi + Γj
γ(Ci, Cj)

}
. (2.5)
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Finally, the Rand index (RI) and the Adjusted Rand index (ARI) [Hu-

bert and Arabie, 1985] are measures of the similarity between two data clus-

terings, used to evaluate the quality of the classification. From a mathematical

point of view, the Rand index is related to the accuracy, but is applicable

even when class labels are not directly used. Given again a set of n objects

X = {x1, . . . , xn} and two partitions of X to compare, C1 = {C1
1 , . . . , C

1
K1
}, a

partition into K1 subsets, and C2 = {C2
1 , . . . , C

2
K2
}, a partition into K2 subsets,

let us define the following notations:

• ma as the number of pairs of elements in X that are in the same set in

C1 and in the same set in C2,

• mb as the number of pairs of elements in X that are in the same set in

C1 and in different sets in C2,

• mc as the number of pairs of elements in X that are in different sets in

C1 and in the same set in C2,

• md as the number of pairs of elements in X that are in different sets in

C1 and in different sets in C2.

The Rand index is defined as:

RI =
ma +md

ma +mb +mc +md
(2.6)

Intuitively, ma +md can be considered as the number of agreements between

C1 and C2, and mb+mc as the number of disagreements. The Rand index has

a value between 0 and 1, with 0 indicating that the two data clusters do not

agree on any pair of points and 1 indicating that the data clusters are exactly

the same.

The Adjusted Rand index (ARI) is the corrected-for-chance version of the

Rand index. Though the Rand Index may only yield a value between 0 and

1, the Adjusted Rand Index can yield negative values if the index is less than

the expected index. Following the same notations ma, mb, mc and md, it is

defined as [Santos and Embrechts, 2009]:

ARI =

(
n
2

)
(ma +md)− [(ma +mb)(ma +mc) + (mb +md)(mc +md)](

n
2

)2 − [(ma +mb)(ma +mc) + (mb +md)(mc +md)]
(2.7)

Note that DI, RI and ARI have to be as high as possible to represent good

clustering partitions. DBI has to be as small as possible.
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2.4 Results and discussion

In this section, clustering methods and related quality indexes are used to as-

sess the performance of different versions of COSY spectra. The first upcoming

subsection proposes numerical outputs based on the indexes defined in Section

2.3.5 for both designs and for combinations of experiments described in Section

2.3.3 and Section 2.3.4. Then, in Section 2.4.2, comparisons between cluster-

ing results based on 2D COSY spectra and on corresponding 1H-NMR spectra

are shown. This section will allow to demonstrate on the two designs that,

indeed, COSY spectra include additive relevant information for spectral classi-

fication as compared to 1H-NMR ones (providing consequently a better MIC).

By doing this, a statistically-proved response to the initial key question (does

supplementary information include relevant information?) is provided.

2.4.1 Results for COSY spectra

The numerical results are available in Table 2.2 for the first experimental design

and for the more complex second one. Note that only a part of all the considered

combinations are shown to avoid too much redundancy and to improve clarity.

Globally, the results are very promising with many RI (and ARI) greater

than 0.7, particularly with bucketed data when one or two decimals in the

GPL matrices are used. Unlabeled individuals are well grouped together, with

no prior knowledge, and this according to the presence of numerous potential

noise factors (sampling, time replicates, degradation, changes in temperature,

etc...).

Considering first the position-based partitions, particular groups are already

well isolated in the majority of cases (for instance, the third cell culture mixture

in the first design was known to be significantly different from the others). An

example is given in Fig.2.2(A).

With the recoded intensities-based partitions, the four mixtures are generally

well recovered by the algorithms in spite of the sampling procedure and time

repetitions. For the first design, the best clustering result is obtained with the

one-decimal GPL matrix, thus underlying the importance of the ”bucketing”

step: Fig.2.2(B) shows that there is only one error during the blind clustering

process and RI and ARI indexes are maximized (RI=0.927 and ARI=0.853 in

Table 2.2). The conclusion is the same for the second design concerning the

blood donors (RI=0.932 and ARI=0.804 in Table 2.2).

More generally, Dunn and Davies-Bouldin indexes are subject to significative

variations between experiments and are not very satisfactory for some com-

binations (several DI less than 0.5 and DBI greater than 1.5 in Table 2.2).
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Table 2.2: Numerical clustering performances according to different versions
of COSY spectra. The column ”Dec.” denotes the number of decimal(s) for
the data in the GPL matrix; T = number of observations in the corresponding
GPL; DI = Dunn Index; DBI = Davies-Bouldin Index; RI = Rand Index; ARI
= Adjusted Rand Index.

FIRST DESIGN
Signal Dec. Algorithm Distance T DI DBI RI ARI

Positions 1 Ward Jaccard 909 0.712 1.466 0.914 0.811
Positions 1 Ward Ochiai 909 0.712 1.466 0.914 0.811
Positions 2 Ward Jaccard 2348 0.857 1.688 0.757 0.420
Positions 2 Ward Ochiai 2348 0.827 1.688 0.757 0.420
Positions 3 Ward Jaccard 3250 0.893 1.722 0.601 0.189
Positions 3 Ward Ochiai 3250 0.892 1.722 0.601 0.189
Intensities 1 Ward Euclidean 909 0.298 0.541 0.927 0.853
Intensities 1 K-means Euclidean 909 0.298 0.541 0.927 0.853
Intensities 2 Ward Euclidean 2348 0.239 1.249 0.669 0.609
Intensities 2 K-means Euclidean 2348 0.311 1.356 0.657 0.501
Intensities 3 Ward Euclidean 3250 0.439 1.540 0.588 0.425
Intensities 3 K-means Euclidean 3250 0.434 1.614 0.597 0.439

SECOND DESIGN
Signal Dec. Algorithm Distance T DI DBI RI ARI

Positions 1 Ward Jaccard 1106 0.796 1.569 0.937 0.825
Positions 1 Ward Ochiai 1106 0.722 1.569 0.937 0.825
Positions 2 Ward Jaccard 4172 0.945 1.800 0.772 0.401
Positions 2 Ward Ochiai 4172 0.899 1.800 0.772 0.401
Positions 3 Ward Jaccard 6686 0.981 1.792 0.650 0.171
Positions 3 Ward Ochiai 6686 0.963 1.792 0.650 0.171
Intensities 1 Ward Euclidean 1106 0.419 0.643 0.932 0.804
Intensities 1 K-means Euclidean 1106 0.419 0.643 0.932 0.804
Intensities 2 Ward Euclidean 4172 0.689 1.592 0.789 0.422
Intensities 2 K-means Euclidean 4172 0.706 1.742 0.735 0.288
Intensities 3 Ward Euclidean 6686 0.778 1.668 0.578 0.055
Intensities 3 K-means Euclidean 6686 0.765 1.886 0.647 0.135

This means that obtained clusters are not always compact and well separated.

However, to judge if the clusters conform to the reality, i.e. if members in

a cluster correspond to members of initial groups, Rand and Adjusted Rand

indexes prevail because they are built on the degree of agreement and dis-

agreement between groups (here between the reality and each of the clustering

partitions).

In conclusion, and based on the two experimental designs, the clustering re-

sults show that COSY spectra appear to be statistically robust and contain

informative signal which helps to succeed in distinguishing groups of different

spectra. In other words, COSY spectra are enough informative so that the sig-

nal connected to the initial groups is distinguished from the noise. Working on
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Figure 2.2: (A) Illustrative dendrogram of the clustering on positions (first
design, Ward algorithm with Ochiai distance, dec = 2, before outlier deletion).
M1 to M4 denote the four different initial mixtures. Different colours are
attributed to different clusters; (B) Illustrative dendrogram of the clustering
on intensities (first design, Ward algorithm, dec = 1, after outlier deletion).
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positions gives satisfactory results but not better ones than working on inten-

sities. Moreover, these results show that the 2D ”bucketing” step is important

and probably necessary to solve misalignment problems (as it is the case in

1D). This additional information can be profitable for further robust statistical

analysis, as biomarker discovery.

2.4.2 Comparisons with corresponding 1H-NMR spectra

Besides the convincing performances of COSY spectra, this section intends to

demonstrate that the additional information contained in 2D spectra (com-

pared to 1D) is relevant and crucial by improving the quality of the clustering

results. It is always difficult to directly compare objects of different dimensions.

To be able to compare 1H-NMR and COSY spectra, some pre-processing steps

are necessary to upgrade the one-dimensional spectra before performing clus-

tering.

2.4.2.1 Upgrade of 1H-NMR spectra

Some very powerful and complete tools are available to pre-process, transform

and interpret 1H-NMR data, for example in [Xia et al., 2008] [Vanwinsberghe,

2005]. Here, the goal is not to focus on sophisticated pre-processing methods

for 1H-NMR data, but just to upgrade them in order to obtain comparable

pre-processing levels for both 1D and COSY data. To do so, one-dimensional

spectra were subject to the following steps after phase and baseline correction:

• elimination of negative intensities,

• deletion of the water spectral zone between 4.5 and 5.5 ppm,

• application of the constant sum transformation,

• ”bucketing” by using the same number of decimals (for the ppm coordi-

nates) than for the COSY experiments,

• outlier deletion.

In a general way, it is quite intuitive that 2D spectra require less pre-processing

to obtain an acceptable vizualisation of the signal and of potential biomark-

ers. Finally, note that the reasoning based on the positions makes no sense

when working with 1D spectra. Consequently, clustering processes were only

performed on 1D normalized intensities (raw intensities, ”bucketed” with two

decimals and with only one decimal).
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2.4.2.2 Comparisons

The clustering results obtained with 1H-NMR spectra are available in Table

2.3 for the two designs.

Table 2.3: Numerical clustering performances for 1D data. The column ”Dec.”
denotes the number of decimal(s) for the data in the GPL matrix; T = number
of observations in the corresponding GPL; DI = Dunn Index; DBI = Davies-
Bouldin Index; RI = Rand Index; ARI = Adjusted Rand Index.

FIRST DESIGN
Signal Dec. Algorithm Distance T DI DBI RI ARI

Intensities 1 Ward Euclidean 201 0.927 0.120 0.908 0.807
Intensities 1 K-means Euclidean 201 0.560 0.463 0.835 0.667
Intensities 2 Ward Euclidean 2001 0.712 0.426 0.717 0.516
Intensities 2 K-means Euclidean 2001 0.601 0.739 0.732 0.476
Raw intensities Ward Euclidean 199967 0.362 1.048 0.606 0.544
Raw intensities K-means Euclidean 199967 0.284 1.182 0.410 0.196

SECOND DESIGN
Signal Dec. Algorithm Distance T DI DBI RI ARI

Intensities 1 Ward Euclidean 207 0.981 0.688 0.704 0.233
Intensities 1 K-means Euclidean 207 0.334 0.663 0.702 0.230
Intensities 2 Ward Euclidean 2054 0.901 0.986 0.704 0.233
Intensities 2 K-means Euclidean 2054 0.635 1.119 0.740 0.290
Raw intensities Ward Euclidean 205034 0.670 1.074 0.588 0.017
Raw intensities K-means Euclidean 205034 0.447 1.321 0.675 0.145

If one compares these results with Rand and Adjusted Rand indexes in Table

2.2, it appears clearly that these indexes are mainly higher when the cluster-

ing algorithms are performed on COSY spectra. Resulting partitions of the

spectra are better for COSY: they are more in agreement with the real initial

groups. Thus, this proves, for the two experiments, that the additional spectral

dimension does provide relevant information to improve the clustering results

and, consequently, to improve the amount of captured signal and the spectral

informative content (MIC).

2.5 Conclusion and further works

In this article, an advanced clustering approach is proposed to evaluate and

quantify the ”Metabolomic Informative Content” (as defined in the introduc-

tion) of NMR spectral data in metabolomics. It is applied on both 1H-NMR

and COSY spectra, using both qualitative input (binary positions, linked with

the absence or presence of a peak or metabolite) or quantitative inputs (inten-

sities). More precisely, the choice of this clustering approach is to be related

to the presence of initial groups in the signal. In the two real experimental
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designs detailed in Section 2.3.1, four different cell culture mixtures and blood

samples from four different donors were respectively involved. The elements of

these groups were ”mixed” via several noisy factors: sampling, time replicates,

delays, deterioration, risk of bacterial contamination, etc... The goal of the

clustering processes was to blindly recover these initial groups using all the

individual unlabeled spectra. And the final quality of these processes informs

us about the quantity of captured signal and can be finally viewed as a measure

of MIC.

This work shows that COSY spectra allow to well discriminate groups linked

with different signals, proving that they are successful in spite of the noisy

factors. It also shows that the clustering processes perform better with COSY

spectra than with 1H-NMR ones, thus confirming a higher MIC for the two-

dimensional spectra.

More precisely, this work first shows some pre-processing steps for the data

analyst in order to handle 2D COSY data, including the construction of the

Global Peak List (GPL) matrix and an ad hoc 2D bucketing step which allows

to control the data resolution. It then demonstrates that COSY spectra provide

very satisfying clustering results: in other words, in spite of the multiple noise

factors, the informative part of the signal can be well discovered and, finally, the

final clusters are mainly in concordance with the initial groups. The clustering

methodology also highlights that 2D bucketing, by aggregating data according

to reduced numbers of decimals for the ppm coordinates, helps to improve the

amount of captured information when using COSY data.

Furthermore, this paper also provides a comparison between COSY and 1H-

NMR spectra, based on the quality of respective clustering results. It is demon-

strated that COSY spectra provide more metabolomic informative content

(MIC) about the groups than corresponding upgraded 1H-NMR spectra, thus

proving the importance and the relevance of the additional dimension of COSY

to go further in NMR-based metabolomics studies. Note that this methodol-

ogy can be generalized for comparing any spectrometric tools when groups are

present and of interest in the experimental design.

These promising results have to be confirmed on faster versions of COSY

experiments, in order to deal with more competitive acquisition times. The

methodology can also be applied to heteronuclear two-dimensional spectroscopy

tools, like HSQC spectra. Ultimately, once the MIC of a given 2D tool or

technology is verified, the research of discriminating zones or biomarkers, which

represents the main objective of most metabolomics studies, can benefit from

the advantageous use of 2D-NMR spectra instead of the more traditional 1H-

NMR ones (for instance, in PLS-DA, OPLS-DA or more advanced machine

learning techniques).
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Softwares The raw data were firstly processed with the Bruker Topspin 2.1

software. Peak lists were extracted using ACD/Labs 12.00 (ACD/NMR pro-

cessor). For manipulating the 1D and COSY data (pre-processings steps),

generating the GPL matrices and performing the clustering processes, the R

software environment was exclusively used (http://www.R-project.org).
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CHAPTER 3

PAPER II : Combining strong sparsity and competitive

predictive power with the L-sOPLS approach for

biomarker discovery in metabolomics

This Chapter 3 includes the full text of Paper II, which is entitled ”Combining

strong sparsity and competitive predictive power with the L-sOPLS approach for

biomarker discovery in metabolomics” (Féraud, B., Munaut, C., Martin, M. et

al., Metabolomics, 13: 130. doi.org/10. 1007/s11306-017-1275-y (2017)).

In this original paper, the biomarker discovery issue in metabolomics is gen-

erally approached and the novel L-sOPLS algorithm (see Section 1.4.5) is in-

137
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troduced in order to combine the orthogonality (Section 1.4.3) and the sparsity

(Section 1.4.4) concepts.

Abstract

Introduction In the context of metabolomics analyses, Partial Least Squares

(PLS) represents the standard tool to perform regression and classification.

OPLS, the Orthogonal extension of PLS which has proved to be very useful

when interpretation is the main issue, is a more recent way to decompose the

PLS solution into predictive components correlated to the target Y and com-

ponents pertaining to the data X but uncorrelated to Y . This predominance

of (O)PLS can raise the question of the awareness of alternative multivariate

regression and/or classification tools able to find biomarkers. Actually, the

search for biomarkers remains a key issue in metabolomics as it is crucial to

very accurately target discriminating features.

Objective Most of the time, (O)PLS methods perform well but a drawback

often occurs: too many variables can be selected as potential biomarkers even

using adapted statistical significance tests. However, for final users (in medical

studies for instance), it can be advantageous to deal with only a small number

of easily interpretable biomarkers.

Methods This drawback is approached in this paper via the use of sparse

methods. The sparse-PLS (sPLS), an extension of PLS which promotes an

inner variable/feature selection, is an interesting existing solution. But a new

intuitive algorithm is proposed in this paper to combine sparsity and the ad-

vantages of an orthogonalization step: the ”Light-sparse-OPLS” (L-sOPLS).

L-sOPLS promotes sparsity on a previously optimized deflated matrix which

implies the removal of the Y -orthogonal components.

Results A discussion around the compromise between sparsity and predictive

modelling performances is provided and it is shown that L-sOPLS produces

convincing results, illustrated principally on the basis of 1H-NMR spectral data

but also on genomic RT-qPCR data.

Conclusion The L-sOPLS algorithm allows to reach better predictive perfor-

mances than (O)PLS and sPLS while taking into account only a very small

number of relevant descriptors.

Keywords: Biomarker discovery - (O)PLS models - Feature selection - Sparse

models - L-sOPLS - 1H-NMR data - RT-qPCR data
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3.1 Introduction

In a large variety of current metabolomics studies, as for the whole family

of -omics, the research of accurate biomarkers is a key issue whether it is

to diagnose a disease or to measure the degree of progress of a disease, to

estimate the effects of a pharmaceutical treatment, to control the quality of

consumer goods, etc. Biomarkers are then a way to explain and to anticipate

an event, event which can be of a critical importance for example in case of a

medical decision to operate or the choice of a heavy-duty or long-term medical

treatment.

In practice, the statistical detection of these biomarkers is carried out by many

researchers using Partial Least Squares (PLS) analyses when the response ma-

trix of interest Y is continuous; or PLS-DA (Discriminant Analysis) if Y is

categorical or coded as a binary vector y when only two levels are of interest

(for instance, y = 1 for patients with a disease and y = 0 for healthy peo-

ple). The popularity of PLS regression methods in metabolomics dates from

the early 2000s, mainly based on the works of Svante Wold and Johan Trygg

[Wold, Trygg et al., 2001] [Wold et al., 2001], and the parallel development of

the SIMCA software (see for instance [Bylesjo et al., 2006]). Since then, this

popularity has never stopped growing and the vast majority of the past and

current biomarkers’ researches have depended on the PLS(-DA) principles.

A bit more recently, the OPLS methodology was proposed [Gabrielsson et

al., 2006] [Stenlund et al., 2008] and also gained a huge popularity among the

metabolomics community. OPLS(-DA) is a more recent way to decompose the

PLS solution into components correlated (predictive) to the target Y to predict

and components unique in the data table X and uncorrelated (orthogonal) to

Y . The common OPLS(-DA) methodology very often leads to nearly the same

results than PLS(-DA); the predictions are identical in both cases, but the

indisputable advantage of OPLS comes from a better capacity of interpretation

of the results, which may facilitate the work of final users.

PLS and OPLS are then massively used for classification, searching for biomark-

ers, and are obviously efficient to do that. But an issue can rapidly occur in

most cases: too many variables (spectral zones in NMR) can be considered and

proposed as candidate biomarkers. However, for final users (in medical studies

for instance), it can be advantageous to deal with only a small number of -very-

significant and ideally easily interpretable biomarkers. In these situations, a

critical objective would then be to build the lightest and most effective possible

model. In recent years, this challenge is approached and filled via the use of

sparse methods, with the objective to reinforce the most significant biomarkers’

coefficients and to force the less significant ones to be equal to zero (according
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to some LASSO-like penalties and to the well known LARS algorithm [Efron

et al., 2004]).

In this paper, the notion of sparsity will be explored in the context of the

biomarker discovery issue in metabolomics. An overview of the already known,

but not yet enough used, sparse-PLS (sPLS) algorithm will be provided. sPLS

can be viewed as an extension of the PLS regression which includes an addi-

tional and simultaneous variable/feature selection.

Then, a new methodology, called ”Light-sparse-OPLS” (L-sOPLS), both in-

novative and quite intuitive, will be proposed and detailed. It can be viewed as

an extension of OPLS adapted with sparse penalties. The idea is to take ad-

vantage of an orthogonalization step by applying sparse algorithms (such as the

sPLS, Elastic Net, ...) on a previously optimized decorrelated matrix (called

Xd: a deflated matrix where Y -orthogonal components have been optimally

removed from the initial data matrix X of spectra).

The goal of this paper is then to demonstrate, on two real data sets, that

the L-sOPLS alternative performs well as it can highlight the most relevant

biomarkers (and furthermore a very small number of them). The sparse models’

predictive performances are also carefully taken into account via the automatic

use of cross-validated RMSEP criteria. Often, a trade-off between a strong

level of sparsity and a competitive predictive power must be considered. It is

shown in this paper that it is the case for sPLS but not for L-sOPLS, which

allows to reach better predictive performances than (O)PLS and sPLS while

taking into account only a very small number of final accurate descriptors.

The paper is organized as follows. Section 3.2 provides a detailed descrip-

tion of the two real data sets used to perform the algorithms: a 1H-NMR one

obtained from spiked urine of rats and a genomic RT-qPCR one linked with

the endometriosis disease. All the above-mentioned regression models or algo-

rithms (PLS, OPLS, sPLS and L-sOPLS) are detailed in the methodological

Section 3.3. Results on both data sets are then shown and discussed in Section

3.4. Finally, a general conclusion and description of further works are given in

Section 3.5.

3.2 Materials: data sets and experimental pro-

tocols

In this section, the two selected data sets used to train the classical and sparse

algorithms are presented. For both of them, a description and motivational

explanations are provided, as well as the main acquisition parameters.
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3.2.1 Spectral 1H-NMR data set based on urine

The first experimental data set is a one dimensional Proton Nuclear Magnetic

Resonance (1H-NMR) spectral set based on spiked urine samples from rats.

3.2.1.1 Description and motivations

This database was experimentally created according to a design aimed at study-

ing the ability of statistical models to find, as biomarkers, the descriptors of the

spectra for which a variability was carefully controlled. This property allows to

evaluate the performances of statistical analysis for potentially a large panel of

methods. In this experiment, homogenized medium urine samples were spiked

with two products (citrate and hippurate) at three levels of concentration and

analyzed by spectroscopy. These concentrations of citrate and hippurate are

aimed to mimic the variability focused in a biomarker discovery study. The

basic design is presented in Fig.3.1(a) and a typical urine spectrum with spiked

citrate and hippurate is provided in Fig.3.1(d). For each point of the design,

six samples were prepared and analyzed over three days (two replicates per

day).

To challenge the biomarker discovery issue, several balanced and unbalanced

sub-data sets have been extracted from the full database. In this paper, two

of them are used to illustrate the ability of classification methods to recover

hippurate peaks as group biomarkers. As shown in Fig.3.1(b) and Fig.3.1(c),

the combinations ((0, 0), (Qc/2, 0), (Qc, 0)) and ((0, Qh), (Qc/2, Qh), (Qc,

Qh)) are conserved for the balanced study; and the combinations ((Qc/2, 0),

(Qc, 0)) and ((0, Qh), (Qc/2, Qh)) are conserved for the unbalanced study.

For each of these subcases, a target binary vector y was created accordingly to

determine the groups to discriminate : for instance, for the hippurate balanced

case, y = 1 if the observation is concerned by one of the ((0, 0), (Qc/2, 0),

(Qc, 0)) combinations and y = 2 if the observation is concerned by another

((0, Qh), (Qc/2, Qh), (Qc, Qh)) combination.

The goal is to discriminate groups of spectra in these two subcases. Intuitiv-

elly, in the balanced case, all other things being equal, the search for relevant

discriminating biomarkers would primarily lead to the concerned product ppm

spectral zone, i.e. hippurate only. In the unbalanced one, it would lead to a

mixture of both products ppm spectral zones, i.e. citrate and hippurate, as

the changes of these two factors are confounded. The further use of unsparse

and sparse models, in subsequent sections of this paper, has to confirm this

intuition.

The whole input data sets are X numeric matrices of dimensions (36 × 600)

for the balanced case, and (24× 600) for the unbalanced one. The lines in X,
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Figure 3.1: (a) The whole urine experimental design; (b) The hippurate bal-
anced case; (c) The hippurate unbalanced case; (d) A typical urine spectrum
with spiked citrate and hippurate.

the individual spectra, are identified by the way of the citrate and hippurate

levels of concentration.

3.2.1.2 Acquisition

This database was designed with spectroscopists from Eli Lilly and from the

University of Liège (ULg). All the samples preparation and acquisition pa-

rameters are already explained in specific details in [Rousseau, 2011] (in part

2.3).

Some pre-treatments have been incorporated before the statistical analyses

as such: the part of the spectrum between 0.2 and 10 ppm has been reduced

to 600 descriptors, the ppm values corresponding to the large non-informative

urea and to the water zone (4.5 - 6.0 ppm) were set to zero and the data

were normalized via a classical constant sum (CS = 1) normalization. It is

also possible to integrate into one peak the spectral region around the citrate

resonances (2.56 - 2.72 ppm) to suppress the high shifts of the citrate peaks,

but this decision was not taken in the context of this work.
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3.2.2 RT-qPCR genomic data set

In this subsection, a description of a second data set is provided. It consists

in RT-qPCR (Reverse Transcription-quantitative Polymerase Chain Reaction)

results from miRNAs expression analysis in groups of patients suffering or not

from endometriosis (vector y). This leads to the search for discriminant differ-

ences of miR expression between the two groups and the potential discovery of

endometriosis biomarkers.

3.2.2.1 Description and motivations

Endometriosis is principally characterized by the presence and growth of func-

tional endometrial-like tissues outside the uterine cavity. It is a common and

benign gynecological disorder [Giudice and Kao, 2004] but women with en-

dometriosis commonly experience a diagnostic delay of 6-12 years, often asso-

ciated with increased severity of the disease. The current standard to detect

the pathology is laparoscopy, a very invasive, expensive and associated to high

surgical risks method. Even though extensive studies have been performed

there are to date no specific reliable biomarker [Nisenblat et al., 2016].

An emerging strategy to detect pathologies is miRNAs quantification by RT-

qPCR in bodyfluids. MicroRNAs (miRNAs) are small non-coding RNAs (20-24

nucleotides) that regulate gene expression through post-transcriptional repres-

sion or degradation of messenger RNA (mRNA) ([Bartel, 2009], [Lai, 2002]).

In this study, 19 previously described miRNAs are evaluated to be associated

with endometriosis (log miR x1 to log miR x19, which are log-transformed and

for now anonymized). The data set contains information from 120 individuals,

63 suffering from endometriosis and 57 others for control.

3.2.2.2 Acquisition

Total RNA, including miRNA, was extracted from 200µl of serum using the

miRNeasy Serum/Plasma Kit (Qiagen) according to the manufacturer’s recom-

mendations, and it was then eluted in 30µl of nuclease-free water. A synthetic

spike-in control miRNA (C. elegans miR-39 mimic, Qiagen) was added for sub-

sequent normalization.

Total miRNA (2µl) from each sample was reverse-transcribed with the miS-

cript II TR kit (Qiagen) according to the manufacturer’s instructions. The

miRNAs were subsequently quantified using the miScript SYBR Green PCR

Kit (Qiagen) and specific forward primers. The reaction mixture included 2.5µl

of cDNA, 12.5µl of Quantitect SYBR Green PCR Master Mix, 2.5µl of forward

primer, 2.5µl of miScript Universal Primer and 5µl of RNase-free water (for

a final reaction volume of 25µl). The thermal cycling consisted of an initial
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denaturation at 95◦C for 15 minutes, followed by 45 cycles at 95◦C for 15 sec-

onds, 55◦C for 30 seconds, and 70◦C for 30 seconds. All reactions were run in

duplicate.

3.3 Methods: (O)PLS and corresponding sparse

solutions: sPLS and L-sOPLS

In this methodologic section, all the tested algorithms are presented, from clas-

sical PLS to advanced sparse solutions. First, some reminders about (O)PLS

are provided. Then, the sparsing issue is approached with an existing tool, the

sparse-PLS (sPLS). Finally, an innovative alternative is presented in details:

the ”Light-sparse-OPLS” (L-sOPLS), aimed at combining the advantages of

the orthogonality and of the use of sparse modelling penalties.

3.3.1 The PLS(-DA) regression model: some reminders

Partial Least Squares (PLS) is a broad spread method for modelling relations

between dependant and independant variables. It is very popular and exten-

sively used in chemometrics, and therefore in metabolomics where it has proved

its usefulness and efficiency to underline metabolic changes in biofluids (due for

example to toxicity or disease process). The PLS regression [Geladi and Kowal-

ski, 1986] [Wold et al., 2001] is primarily constructed in order to optimize the

quality of prediction but is also able to extract factors, called latent variables,

to best resume the available information in both regressors and response(s).

Thus, the popularity of PLS is principally based on this two levels capacity:

to explain and represent the information in X and Y (Y can be univariate or

multivariate), and to model the link between X and Y in order to allow further

predictions. In practice with omics data, PLS is also often used as a variable

selection tool for searching for biomarkers.

The fundamental objective of PLS implies a computation of X and Y scores,

in order to capture a high amount of variance in X and Y matrices and also

a high amount of ”correlations” between X and Y . In most PLS algorithms,

the uncorrelated components of the model are extracted sequentially and every

iteration deflates from the data the variation that is associated with the last

estimated component.

More formally, consider a data matrix X with n observations and m variables

and, to simplify, a vector y for the dependent variable of size (n×1). To specify

the latent component matrix T such that T = XW (linear combinations), PLS

requires finding the columns of W = (w1, ..., wq) from successive optimization



3.3. Methods: (O)PLS and corresponding sparse solutions: sPLS and L-sOPLS 145

problems. For the iterative computation of each component k = 1, ..., q, the

PLS goal can be written as follow:

max
w

{
corr2(y,Xwk)var(Xwk)

}
≡ max

w
{w′kX ′kyy′Xkwk} (3.1)

subject to w′kwk = 1, where wk is the PLS X-weights vector for dimension k.

Alternatively, this criterion can be written:

min
w
{−w′kMwk} (3.2)

subject to w′kwk = 1, where M = X ′yy′X.

The outer relation for X is built as follow: the X-scores T(n×q) are obtained

from linear combinations of the original data X with the matrix of weights

W(m×q), such that Tq = XWq. One multiplies Tq with the X-loadings matrix

P ′(q×m), as Pq = X ′Tq. The product is then a good ”summary” of X if one

obtains small residuals E(n×m) in X = TqP
′
q + E.

Similarly, for the other part of the bilinear decomposition, the outer relation

for y is defined as the addition of some summarized information and some error

terms: y = Uqc
′
q +g, where Uq is the (n×q) matrix of y-scores, c′q is the (q×1)

vector of y-weights and g(n×1) is the residual vector of y. Since Tq is a good

predictor of y, the following inner relation occurs: y = Tqc
′
q + g∗, where the y-

residuals g∗(n×1) are equal to the difference between the modelled and observed

responses. Consequently, the goal is to obtain ‖g∗‖ as low as possible and also

to obtain the best possible relation between X and y.

The first component can be retrieved from a singular value decomposition

(SVD) of a matrix that combines both information from X and y: R = X ′y

and gives the singular vector w∗1 known as the first weights column [Hoskulds-

son, 1988]. For each subsequent iteration, the X matrix is deflated by the

variation associated with the estimated component. Eventually, the process is

maintained until one decides to stop after a certain number of latent variables

or until all the components have been calculated. The relevant choice of q is

therefore essential to avoid overfitting of the model, giving a poor prediction

power especially when the regressors are numerous and/or correlated [Abdi,

2010]. Usually, a cross-validation criterion is added to decide on the optimal

number of latent variables to keep.

Computationally, several PLS algorithms are available according to some

specificities: classical PLS, CPPLS (Canonical Powered Partial Least Squares
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[Indahl et al., 2009]), SIMPLS (Straightforward Implementation of a Modifi-

cation of PLS [De Jong, 1993]), NIPALS (NonLinear Iterative Partial Least

Squares [Wold H, 1975]), etc. In this paper, the SIMPLS algorithm will be

used for each PLS routine because of its higher computational speed. With the

descriptor matrix X and a the target vector y, this algorithm consists in:

• Centering of X by columns

• Initialization: r1 = X′y

• Iterations from k = 1 to q :

1. Weights normalization: wk = rk√
r′
krk

2. Scores calculation: tk = Xwk

3. Scores normalization: tk = tk√
t′ktk

4. Loadings calculation: pk = X′tk

5. Deflation step: rk+1 = rk − pk(p′kpk)−1p′krk .

• Choice of q, the optimal number of components of the PLS model using

an adequate validation criterion. The RMSEP (Root Mean Square Error

of Prediction, [Mevik and Cederkvist, 2004]) is a traditional criterion.

It must be minimized and it can be calculated for each size of model

by k-fold or Leave-One-Out (LOO) cross-validation. Note that working

with an external and independent validation/test set is very often too

expensive and not possible is most metabolomics studies.

• Matrices T = XW and P = X′T are obtained, based on the optimal

q.

• Final PLS coefficients are calculated as bPLS = W (T ′T )−1T ′y and

allow to make subsequent predictions on new observations.

From these results, the descriptors with highest (absolute) coefficients can be

considered as primary candidate biomarkers.

PLS discriminant analysis (PLS-DA) [Barker and Rayens, 2003] is a particular

case of PLS regression aiming at predicting one (or several) binary responses y

still from a matrix X of descriptors. PLS-DA is specifically suited to deal with

problems where the number of predictors is large (compared to the number

of observations) and collinear, two major challenges frequently encountered

with, for instance, 1H-NMR data. For spectral biomarker discovery, PLS-DA

provides regression parameters that can be used as biomarker scores and the

descriptors with the highest coefficients are naturally linked with discriminating

zones.
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3.3.2 The OPLS(-DA) algorithm

Projection methods such as PLS remain strongly affected by the potential oc-

currence of systematic variation in the data source that is not relevant for

response prediction. That’s why Orthogonal Projection to Latent Structures

(OPLS) has emerged in chemometrics as a filtering method enabling the re-

moval of variation from X that is not correlated to the dependant variable Y

(or y). It leads to a different model since some of the extracted components

are identified as corresponding to systematic or specific orthogonal causes of

variation. A generalisation of its use in metabolomics studies (for example,

among many others, in [Wiklund et al., 2008] [Jung et al., 2010] [Weljie et al.,

2006]) is explained by the relative simplicity of the algorithm, derived from the

NIPALS-PLS one, and the ability to manipulate and interpret the resulting

predictive and orthogonal matrices. Note that NIPALS-PLS [Wold H, 1975]

predictions are equal to SIMPLS predictions, described in Section 3.3.1, when

considering an univariate target variable y [Wehrens, 2011].

As for PLS regressions, the OPLS extracts sequentially each component. Sev-

eral orthogonal components can be estimated and the X matrix is, at each

step, deflated with respect to orthogonal variations. Considering a two-class

classification problem, the OPLS(-DA) approach only considers one predictive

component along with potentially several orthogonal components. Finally, the

goal is to find the projection that classify and discriminate in the best way the

y levels, or groups.

The whole statistical methodology behind the OPLS(-DA) approach is avail-

able in details in [Trygg and Wold, 2002]. The algorithm differs slightly from

the classical NIPALS-PLS one and works as follow for an univariate y:

• Centering of X by columns, as for PLS

• The NIPALS algorithm is sequentially applied to find the predictive com-

ponent by removing a bilinear structure from the centered X that is

torthoip
′
orthoi

[Wold, Trygg et al., 2001]. Remember that, generally, Tortho
is the orthogonal X-scores (n× (q−1)) matrix for the OPLS(-DA) model

with (q − 1) orthogonal components, and P ′ortho is the orthogonal X-

loadings matrix for the same model.

1. Initialization: X1 = X, starting from the initial mean-centered data

matrix X to be deflated.

Iterative orthogonalization from k = 1 to q − 1:

2. w̃k =
X′

ky

y′y
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3. X-weights normalization to ‖ w̃k ‖ = 1: w̃k = w̃k√
w̃′

kw̃k

4. X-scores computation: tk = Xkw̃k

5. X-loadings computation: pk =
X′

ktk
t′ktk

6. Calculations of the orthogonal components’ weights: w̃ok = pk −
w̃′

kpk

w̃′
kw̃k

w̃k, then normalized to w̃ok = w̃ok√
w̃′

okw̃ok

7. Computation of orthogonal scores: tok = Xkw̃ok

8. And computation of orthogonal loadings: pok =
X′

ktok

t′oktok

9. Deflation step on X: Xk+1 = Xk − tokp′ok
10. A whole deflated matrix can be extracted at the end of the iterations

such that:

Xd = X − ToP ′o = X −Xo (3.3)

where To = (to1, ..., toq−1) and Po = (po1, ..., poq−1).

• The PLS algorithm, using one predictive component, can now be per-

formed on Xd according to the same pattern:

1. w̃d =
X′

dy

y′y
, then w̃d = w̃d√

w̃′
dw̃d

2. td = Xdw̃d

3. pd =
X′

dtd
t′dtd

• OPLS coefficients are obtained by:

bOPLS = w̃d(p
′
dw̃d)

−1 y
′td
t′dtd

(3.4)

• Since the bOPLS are linked with Xd and not directly with the initial

data matrix X, note that these coefficients, although very informative,

are not stricly interpretable in the same way as bPLS . So, bOPLS can be

transformed to match with X as follow:

bOPLScorr = (Im − (W̃o(P
′
oW̃o)

−1P ′o))bOPLS (3.5)

where Im is the identity matrix involving m columns and where W̃o =

(w̃o1, ..., w̃oq−1). The OPLS predictions are then:

ŷOPLS = Xd.bOPLS = X.bOPLScorr (3.6)
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It is important here to note that the corrected OPLS coefficients (bOPLScorr)

obtained with (q − 1) orthogonal components and one predictive component

will be equal to the corresponding PLS coefficients obtained with q components

[Tapp and Kemsley, 2009]. Therefore, the subsequent predictions will be the

same for both models:

ŷOPLS(q−1) = ŷPLS(q) (3.7)

As for PLS models, to avoid overfitting, a cross-validation step can be added

to optimize a criterion (RMSEP for instance) in order to select the best number

of orthogonal components (q − 1). From (Eq. 3.7), it follows that if a solution

implying q components was optimally selected during a previous PLS model for

a specific study, the solution with (q−1) orthogonal dimensions is also optimal

when using OPLS for this same study.

3.3.3 The sparsity issue and the Sparse-PLS (sPLS) so-

lution

Both PLS(-DA) and OPLS(-DA) are efficient and massively used in -omics

studies for biomarker discovery because of the m >> n characteristic of the

X matrix. In these models, descriptors with highest absolute coefficients can

be selected as candidate biomarkers. Other tools can also be used as, for

instance, the VIP (Variable Importance in the Projection criterion [Afanador

et al., 2013] [Lu et al., 2014]) or the popular S-plots for OPLS. Most of the time,

these methods lead to a high number of biomarkers considered as of interest

for further investigations in metabolomics experiments, which quickly induces

difficulties of interpretation.

If decision rule is based on the highest absolute coefficients, the choice of a

threshold to determine what is of interest and what is not is inevitably needed.

But what threshold to use? This question is obviously subjective. To objectify

this decision, a solution is to reinforce the more significant biomarkers’ coeffi-

cients and to force the other ones to be equal to zero. This represents the key

basis of the sparsity ([Hastie et al., 2015]) and leads to the additional applica-

tion of penalties (LASSO-like, Ridge, Elastic Net ([Zou and Hastie, 2005], ...).

Moreover, a lighter and more interpretable model, not less efficient or relevant,

should be ideally provided to final users for medical decisions, treatment adjust-

ments, etc. Of course, the quality of prediction of the sparse alternatives must

be assessed and, sometimes, a compromise between predictive performances

and sparsity needs to be found.

In this context, the use of the Sparse-PLS (sPLS) method is increasing in

metabolomics studies. sPLS keeps the spirit of PLS models but provides a
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restricted number of final selected biomarkers. Different algorithms exist in

the literature, the two main of them being respectively implemented in the

mixOmics R package (detailed in [Lê Cao et al., 2008]) and in the spls R

package (detailed in [Chun and Keles, 2007] and [Chung et al., 2012]).

On the basis of the PLS objective (see (Eq. 3.2)), the sPLS algorithm of Chun

and Keles, used in this paper, provides an efficient implementation based on

the LARS objective function:

min
w,c
{(−βw′kMwk) + (1− β)(c− wk)′M(c− wk) + λ1‖c‖1 + λ2‖c‖2} (3.8)

subject to w′kwk = 1 for k = 1, ..., q, where M = X ′yy′X.

This formulation promotes exact zero property onto the weights by imposing

L1 penalty (λ1) onto a surrogate direction vector c (linked with the Y -weights)

instead of the original direction w (linked with the X-weights), while keeping w

and c close to each other. In other words, this L1 penalty encourages sparsity

on c. The L2 penalty (λ2) takes care of the potential singularity of matrix

M when solving for c. Finally, the effect of the concave part, and the local

solution issue, is reduced by using a small additional parameter β ([Chun and

Keles, 2007]).

The generalized regression formulation (Eq. 3.8) is then solved by alterna-

tively iterating between solving for w for fixed c, and solving for c after fixing

w. For the problem of solving w for fixed c, the objective function becomes:

min
w
{(−βw′kMwk) + (1− β)(c− wk)′M(c− wk)} (3.9)

subject to w′kwk = 1 for k = 1, ..., q.

This constrained least squares problem can be solved via the method of La-

grange multipliers ([Chun and Keles, 2007]). When solving for c for fixed w, it

becomes:

min
c
{(R′c−R′wk)′(R′c−R′wk) + λ1‖c‖1 + λ2‖c‖2} (3.10)

with R = X ′y. This second problem is equivalent to the naive elastic net (EN)

problem of Zou and Hastie ([Zou and Hastie, 2005]) when Y in the naive EN is

replaced with R′w and can be solved efficiently via the Least Angle Regression

Spline algorithm (LARS [Efron et al., 2004]). sPLS often requires a very large

λ2-value to solve Equation (Eq. 3.10) because R′ is a matrix with usually a
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small number of lines, i.e. one line when Y = y is univariate. As a remedy, an

EN formulation with λ2 =∞ is used.

In order to promote sparse solutions in a restricted X-space, sPLS searches

for relevant variables, the so-called active variables. Specifically, at each step

of either the NIPALS or the SIMPLS algorithm, (Eq. 3.8) is optimized and

all direction vectors are updated to form a Krylov subsequence ([Chapman

and Saad, 1997]) on the subspace of the active variables. This is achieved by

conducting PLS regression by using the selected features. Let Π be an index

set for active variables, q the number of components and XΠ the submatrix

of X whose column indices are contained in Π. The sPLS-SIMPLS algorithm

works as follow ([Chun and Keles, 2007]):

• Initialization step: bPLS1
= {.}; Π1 = {.}; and X1 = X

• While 1 ≤ k ≤ q,

1. Find ŵk by solving the objective (Eq. 3.8) with M = X ′kyy
′Xk,

2. Update Π = Πk as {i : ŵki 6= 0} ∪ {i : bPLSki
6= 0},

3. Fit then a PLS (SIMPLS) model with XΠk
as explanatory matrix,

using k number of latent components,

4. Compute active weights WΠk
and the loading matrix PΠk

such that

PΠk
= X ′Πk

XΠk
WΠk

(W ′Πk
X ′Πk

XΠk
WΠk

)−1,

5. Define and update the SIMPLS regression parameters bPLSk
by the

new estimates of the direction vectors,

6. Update Xk by deflation of the subset Πk of active columns through

XΠ(k+1)
← XΠk

(I − PΠk
(P ′Πk

PΠk
)−1P ′Πk

).

Note that the sPLS-SIMPLS algorithm, used in this paper, has similar at-

tributes to the sPLS-NIPALS one. It selects more than one variable at each

step and handles multivariate responses as well.

An additional cross-validation step (for minimizing RMSEP for instance) is

greatly useful to determine the optimal couple formed by the number of pre-

dictive components q to keep, as for PLS, and the λ1 penalty term. The final

descriptors with non-zero coefficients (i.e. in XΠq
) can finally be considered

as primary candidate biomarkers. In terms of interpretation, final biomark-

ers are directly available through their non-zero coefficients and the number of

biomarkers is obtained as a result of the objective optimization of (q, λ1). Using

the VIP or any variable ranking criterion at the end of a (O)PLS regression,

this number would be inevitably subjective.
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3.3.4 Sparsity with OPLS: the new ”Light-Sparse-OPLS”

(L-sOPLS) solution

If one want to keep the OPLS interpretability advantages which consist of a

withdrawal of the Y (or y)-orthogonal effects relative to X, and if one also want

to propose sparse results, a natural way is to explore the possible combinations

of OPLS and sPLS. Although some interesting work already exist about this

topic ([van Gerven and Heskes, 2010] [Munoz-Romero et al., 2015]), the theory

is not always very clear and no intuitive and user-friendly solution is proposed

yet to the -omics community.

The innovative proposal of this paper consists in the development of the

”Light-Sparse-OPLS” (L-sOPLS) model. The idea is quite intuitive and re-

quires to start from the OPLS algorithm described in details in Section 3.3.2,

to follow the process until the construction and the recovery of the data ma-

trix Xd (deflated by the y-orthogonal components, see (Eq. 3.3)) and to apply

a sparsing model on this filtered matrix specifically, instead of on the initial

data matrix X. The sparsing technique may be freely chosen between sPLS,

Lasso logistic regression, Elastic Net, etc. In this paper, L-sOPLS combines

the OPLS orthogonalization step with sPLS.

For interpretability and intuitiveness concerns, the L-sOPLS algorithm im-

plies two optimization steps in order to maintain the best possible predictive

ability (i.e. for each step, minimization of the RMSEP via an adapted cross-

validation technique). The first step is aimed at optimally selecting the number

of orthogonal components, as in a classic OPLS process. The deflated resulting

matrix Xd is then built according to this number (qortho). The second step

builds the sPLS sparse model, using Xd as input, whose number of predictive

components (qpred) and penalty term λ1 are chosen optimally.

The L-sOPLS algorithm can be summarized as follow:

1. Application of an OPLS model (see Section 3.3.2) on the initial centered

spectral matrix X.

Minimization, via k-fold or LOO cross-validation, of the predictive quality

error criterion (i.e. RMSEP, MSPE, ...) in order to select the optimal

number of orthogonal components qortho.

2. Computation of the qortho-deflated matrix Xd = X −Xo.

3. Application of a SIMPLS-sPLS model (see Section 3.3.3) using Xd as

input. This implies the inner identifications of Md = X′dyy
′Xd and

Rd = X′dy instead of M and R in (Eq. 3.9) and (Eq. 3.10). Note again

that the process is similar for a multivariate Y .
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Minimization, via cross-validation, of the predictive quality error crite-

rion (i.e. RMSEP, MSPE, ...) in order to select the optimal number of

predictive components qpred and the optimal penalty criterion λ1.

4. The final non-zero coefficient vector b∗ is obtained by conducting PLS

regression on the selected variables only. The lenght of b∗ is obviously

smaller or equal than the lenght of bPLS or bOPLS .

5. The descriptors (features) associated with b∗, which strictly contains non-

zero coefficients, at the end of the sPLS process are finally considered as

primary candidate biomarkers (see Section 3.3.3).

Note that, as opposed to OPLS with a binary y, L-sOPLS allows the potential

use of several predictive dimensions qpred, combined with potentially several or-

thogonal dimensions qortho. The optimal number of orthogonal dimension(s)

qortho is obtained after a first cross-validation step within an OPLS framework,

and the optimal number of predictive dimension(s) qpred is independently ob-

tained after a second cross-validation step this time within a sPLS framework.

This makes the modelling even more flexible and focused on the prediction of

the target Y (or y). Indeed, since the sPLS step is performed on a deflated

object, which is supposed to be very strongly linked with Y by construction,

the predictive goal is probably strengthened and prioritized at the expense of

the descriptive goal when using L-sOPLS. This intuition is confirmed in the

next results section.

It can’t seem so obvious that the potential use of more than one predictive

dimension in L-sOPLS can really lead to parsimonious models (compared to

OPLS). But the fact that qpred is chosen by cross-validation simultaneously

along with the λ1 term avoids high risks of final non-parsimonious or very huge

models (see further results in Table 3.1).

Note also that, according to some subsequent trials, L-sOPLS seems to be

robust to overfitting toward the major class (i.e. if P (y = 0) 6= P (y = 1)).

This new method was implemented in R version 3.3.2 and a function is avail-

able here: https://github.com/ManonMartin/MBXUCL. A subsequent ”LSO-

PLS” R package is under construction.

3.4 Results and discussion

In this section, all the obtained results are discussed, only some of them are

shown for convenience and readability. Parameters will be provided for each

PLS, OPLS, sPLS and L-sOPLS optimal model and for the two data cases.

https://github.com/ManonMartin/MBXUCL
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3.4.1 Results for the 1H-NMR urine spectral data set

Starting from the 1H-NMR urine of rat design, two main sub-data sets are con-

sidered, with balanced and unbalanced hippurate doses (see Section 3.2.1.1).

600 descriptors, all potential spectral biomarkers in X (without metadata or

medical extra information), are available to explain the membership in a group,

i.e. the corresponding binary target vector y. For the balanced case, the discov-

ery of only one product spectral zone(s) is principally expected to classify the

observations into the two groups. For the unbalanced case, the spectral zones of

both hippurate and citrate would be of interest to explain this discrimination.

The design also involves three different days of measurements.

On each set, PLS (using the SIMPLS algorithm), OPLS, sPLS (using the

spls R package) and L-sOPLS algorithms were applied, along with LOO cross-

validation steps in order to choose optimal parameters for prediction purpose.

For each optimal model, the objectives are focused on the relevance and the

final number of the selected biomarkers on one hand (and their graphical inter-

pretability), and on the analysis of the predictive abilities on the other hand.

For the sparse models, the penalty parameter λ1 was in all cases considered

between 0.6 and 0.99 in order to provide sparse enough results.

The choices of the optimal numbers of components for PLS and OPLS were

made by minimizing the RMSEP criterion via LOO cross-validation. Finally,

five components are used for PLS and OPLS (four orthogonal dimensions and

one predictive dimension for OPLS), providing a minimal LOO-RMSEP equal

to 0.0197 for the balanced case. For the unbalanced one, the same solution is

found for a minimal LOO-RMSEP equal to 0.0187.

For the sparse methods, the optimal parameters (the number of predictive

components qpred and the penalty term λ1) were also chosen to minimize the

LOO cross-validated RMSEP.

For sPLS and for the balanced hippurate case, the optimal parameter com-

bination is qpred = 5 and λ1 = 0.6 (not very severe) and leads to a minimal

LOO-RMSEP equal to 0.0206. For L-sOPLS: qpred = 3 and λ1 = 0.72 after a

deflation of matrix X through four orthogonal components (i.e. qortho = 4).

For this last model, LOO-RMSEP is equal to 0.0162, which is lower than the

minimal value obtained with the initial (O)PLS.

For the unbalanced case, the optimal parameter combination for sPLS is

qpred = 5 and λ1 = 0.6 and leads to a minimal LOO-RMSEP equal to 0.0184.

For L-sOPLS: qpred = 3 and λ1 = 0.73 after a deflation of matrix X though four

orthogonal components. This last model has a LOO-RMSEP equal to 0.0114

and contains only eight final descriptors with non-zero coefficients (see the last
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column of the second part of Table 3.1). Thus, L-sOPLS provides (very) sparse

models with a better predictive power than (O)PLS.

In Table 3.1, the first two columns lead to the main biomarkers selected by

PLS and OPLS (fifteen for PLS and fifteen for OPLS, most of them being

concerned by both) on the basis of their higher coefficients in absolute values.

The number fifteen was arbitrarily chosen. The hippurate spectral zones are

mainly represented in these highest coefficients for both PLS and OPLS; the

citrate zone appears with lower coefficients in the OPLS results only, with

positive low values in the balanced case and negative values in the unbalanced

one (as expected according to the design). The sparse decisions concerning

these biomarkers are also shown in Table 3.1 for optimized sPLS and L-sOPLS

methods (Yes/No to indicate if the biomarker is selected, and the corresponding

final sparse coefficient if yes).

For the balanced case, the optimal sPLS model finally selects more than twenty

biomarkers from the 600 initial input variables. Among them, all the hippurate

peaks are selected but not those of the citrate spectral zone. The optimal L-

sOPLS model leads to the selection of only seven final biomarkers. It is very

important to note that all of them are connected to the hippurate spectral

peaks only.

For the unbalanced case, the optimal sPLS model selects twenty biomarkers

(see also Table 3.2) from the 600 initial input variables. All the hippurate

and citrate peaks are selected among them. The optimal L-sOPLS model only

selects eight final biomarkers. It is very important to note that all of these later

biomarkers are either hippurate or citrate descriptors only, which coincides

with the corresponding design (Fig.3.1(c)). Furthermore, the selected citrate

descriptors are well associated with negative sparse coefficients and localized

at the center of the citrate peak.

Figure 3.2 shows the final coefficients and the first two loadings of each model

for the unbalanced hippurate case. The main hippurate and citrate peaks are

highlighted by vertical lines. One can see that the orthogonal models offer

better performances to find the negative effect of the citrate dose. The optimal

L-sOPLS model only involves eight non-zero final coefficients strictly linked

with the hippurate or citrate spectral peaks only (positive coefficients for the

majority of hippurate peaks and negative ones for citrate, as expected). The

first L-sOPLS loadings reveal these effects very quickly in a quite intuitive and

iterative way.

Figure 3.3 shows the obtained scores for PLS, OPLS, sPLS and L-sOPLS. For

all the models, the discrimination between the two groups of interest is very
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Table 3.1: (O)PLS and sparse results for the 1H-NMR citrate and hippurate
data: the balanced and unbalanced hippurate cases (a ”-” means that the peak
is not among the first fifteen coefficients in absolute value for PLS or OPLS).

THE HIPPURATE BALANCED CASE
PLS coefficients OPLS bOPLS sPLS selection L-sOPLS selection

q = 5 q = 4 + 1 qpred = 5, λ1 = 0.6 qortho = 4, qpred = 3,
λ1 = 0.72

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.0197 =0.0197 =0.0206 =0.0162

2.478 -7.636 - No No
2.593 Citrate - 2.906 No No
2.609 Citrate - 3.331 No No
2.626 Citrate - 2.906 No No
2.642 Citrate - 2.505 No No
3.017 -10.677 4.728 Yes (-9.329) No
3.050 -5.730 3.331 Yes (-5.381) No
3.279 -13.839 5.646 Yes (-20.556) No
3.295 -7.153 - Yes (-13.606) No
3.442 7.573 - Yes (-13.651) No
3.801 -7.260 - No No
3.981 Hippurate 17.115 28.699 Yes (16.829) Yes (22.737)
3.997 Hippurate 19.408 6.744 Yes (19.907) Yes (27.409)
6.055 -9.734 - No No
7.558 Hippurate 11.335 16.204 Yes (11.777) Yes (5.543)
7.574 Hippurate 23.517 13.906 Yes (24.738) Yes (16.282)
7.639 Hippurate - 5.368 Yes (6.128) No
7.656 Hippurate 7.135 7.889 Yes (6.113) Yes (-7.126)
7.836 Hippurate 14.159 14.768 Yes (16.952) Yes (39.541)
7.852 Hippurate 24.122 18.855 Yes (23.682) Yes (26.641)

THE HIPPURATE UNBALANCED CASE
PLS coefficients OPLS bOPLS sPLS selection L-sOPLS selection

q = 5 q = 4 + 1 qpred = 5, λ1 = 0.6 qortho = 4, qpred = 3,
λ1 = 0.73

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.0187 =0.0187 =0.0184 =0.0114

2.478 -7.822 - No No
2.560 Citrate - -4.385 Yes (0.370) No
2.576 Citrate - -5.847 Yes (0.492) No
2.593 Citrate - -7.309 Yes (0.615) Yes (-17.008)
2.609 Citrate - -8.771 Yes (0.738) Yes (-20.409)
2.625 Citrate - -7.309 Yes (0.615) Yes (-17.008)
2.642 Citrate - -5.847 Yes (0.492) No
2.658 Citrate - -4.385 Yes (0.370) No
3.017 -9.581 - Yes (13.995) No
3.279 -13.519 - Yes (-44.365) No
3.295 -6.299 - No No
3.442 7.802 4.953 Yes (-44.365) No
3.801 -6.120 - No No
3.981 Hippurate 17.592 22.496 Yes (11.672) Yes (-5.564)
3.997 Hippurate 18.548 - Yes (18.164) No
6.055 -7.750 - No No
7.558 Hippurate 11.061 12.686 Yes (9.313) Yes (15.340)
7.574 Hippurate 23.622 10.917 Yes (29.902) Yes (14.196)
7.639 Hippurate 5.664 4.251 Yes (10.180) No
7.656 Hippurate 7.294 6.172 Yes (1.588) No
7.836 Hippurate 12.166 11.554 Yes (12.701) Yes (27.561)
7.852 Hippurate 25.717 14.693 Yes (30.735) Yes (40.921)
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Figure 3.2: (O)PLS, sPLS and L-sOPLS coefficients (left) and two first loadings
(right) for the unbalanced hippurate case.
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clear, as already seen via very low LOO-RMSEP values, and one can see the

interest of the orthogonalization which perfectly aligns the groups. The four

subgroups linked with the different concentrations of hippurate and citrate may

be also well separated (see symbols in Fig.3.3). Finally, the day effect does not

seem to be very relevant for the group classification (the numbers are not always

ordered in Fig.3.3).

For the unbalanced hippurate case’s sPLS and L-sOPLS, Table 3.2 illustrates

the LOO-RMSEP variations over a grid of (qpred, λ1) different values. Remem-

ber that the (O)PLS reference value of LOO-RMSEP is 0.0187 in that case.

One can see that only one (qpred, λ1) combination leads to a better, i.e. lower,

LOO-RMSEP value when using sPLS. What is already very positive. But, in

other words, for all other combinations, a compromise has to be made between

sparsity (degree or severity of feature selection) and predictive power.

For the L-sOPLS solution, almost all the (qpred, λ1) combinations lead to lower

LOO-RMSEP values. Sparsity, even very severe, goes hand in hand with bet-

ter predictive ability when using L-sOPLS instead of non-sparse PLS or OPLS.

Furthermore, since the vast majority of possible models have a similar better

predictive power, one can imagine that final users can be free to ”manually”

select some parameters and, consequently, to choose their L-sOPLS model ac-

cording to the final number of biomarkers which they want to explore (beyond

the automatic approach of the algorithm).

The evolution of the final number of selected biomarkers (displayed in brackets

in Table 3.2) shows, as expected, that high values of λ1 lead to a restricted

number of selected descriptors because of a greater degree of severity. Moreover,

when qpred increases into the model, the number of selected biomarkers also

increases.

Note that all these results and conclusions are very similar when considering

the citrate case sub-data sets: the citrate peak regions are primarily selected as

final biomarkers for the balanced case, both hippurate and citrate ones for the

unbalanced case. And similar conclusions can be highlighted about the models’

predictive power.

3.4.2 Results for genomic RT-qPCR data

In the RT-qPCR data set described in Section 3.2.2, m = 19 anonymized, log-

transformed and standardized miRNAs are considered as explanatory variables

of the model, and n = 120 observations are available. These data aim at

showing how the algorithms behave when the number of variable is drastically

limited, just like the level of information. The y binary vector to predict is the

presence/absence of the endometriosis pathology.
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Figure 3.3: (O)PLS, sPLS and L-sOPLS scores for the unbalanced hippurate
case. Colours discriminate Group 1 and Group 2, symbols refer to the citrate
and hippurate concentrations and numbers refer to the day of measurement.
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Table 3.2: Evolution of the LOO-RMSEP criterion for both sPLS and L-sOPLS
models according to different values for the qpred and λ1 parameters. The cor-
responding number of final selected biomarkers is in brackets. The combina-
tions leading to better LOO-RMSEP performances than initial (O)PLS models
(RMSEP = 0.0187) are highlighted in bold.

THE HIPPURATE UNBALANCED CASE
qpred for sPLS qpred for L-sOPLS (with qortho = 4)

λ1 1 2 3 4 5 1 2 3 4 5
0.6 0.1164 0.0317 0.0284 0.0235 0.0184 0.0171 0.0121 0.0123 0.0139 0.0131

( 2 ) ( 6 ) ( 12 ) ( 17 ) ( 20 ) ( 2 ) ( 6 ) ( 12 ) ( 17 ) ( 20 )
0.65 0.1706 0.0409 0.0286 0.0263 0.0205 0.0171 0.0121 0.0123 0.0141 0.0141

( 2 ) ( 6 ) ( 11 ) ( 17 ) ( 19 ) ( 2 ) ( 6 ) ( 11 ) ( 17 ) ( 19 )
0.7 0.1759 0.0557 0.0284 0.0266 0.0269 0.0222 0.0123 0.0121 0.0141 0.0140

( 1 ) ( 5 ) ( 9 ) ( 15 ) ( 19 ) ( 1 ) ( 5 ) ( 9 ) ( 15 ) ( 19 )
0.75 0.1759 0.0559 0.0279 0.0263 0.0279 0.0222 0.0115 0.0121 0.0133 0.0135

( 1 ) ( 4 ) ( 7 ) ( 12 ) ( 16 ) ( 1 ) ( 4 ) ( 7 ) ( 12 ) ( 16 )
0.8 0.1759 0.0549 0.0587 0.0257 0.0292 0.0222 0.0127 0.0122 0.0133 0.0135

( 1 ) ( 3 ) ( 5 ) ( 8 ) ( 12 ) ( 1 ) ( 3 ) ( 5 ) ( 8 ) ( 12 )
0.85 0.1759 0.0552 0.0681 0.0258 0.0326 0.0222 0.0127 0.0122 0.0136 0.0135

( 1 ) ( 3 ) ( 5 ) ( 6 ) ( 9 ) ( 1 ) ( 3 ) ( 5 ) ( 6 ) ( 9 )
0.9 0.1759 0.0548 0.0611 0.0609 0.0289 0.0222 0.0126 0.0120 0.0131 0.0131

( 1 ) ( 2 ) ( 4 ) ( 5 ) ( 6 ) ( 1 ) ( 2 ) ( 4 ) ( 5 ) ( 6 )
0.95 0.1759 0.0548 0.0566 0.0593 0.0462 0.0222 0.0126 0.0134 0.0119 0.0124

( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 ) ( 1 ) ( 2 ) ( 3 ) ( 4 ) ( 5 )

In the same way as for the previous data, cross-validated PLS and OPLS co-

efficients and sparsing results obtained via sPLS and L-sOPLS are displayed in

Table 3.3, along with the optimal parameters and the obtained minimal LOO-

RMSEP. An underlined ”Yes” in the sparsing selection columns means that

the corresponding miRNA variable is always selected as important biomarker

for any penalty term, even very severe; when the ”Yes” is not underlined, it

means that the corresponding variable is often selected when the penalty term

is slightly modified.

The optimal PLS regression involves here two predictive components; optimal

OPLS involves one orthogonal and one predictive component; optimal sPLS

involves two predictive components and λ1 = 0.68; and finally, optimal L-

sOPLS involves (qortho, qpred, λ1) = (1, 1, 0.67).

As for the previous data set, the global minimal LOO-RMSEP (=0.4147) is

obtained with a L-sOPLS model providing seven final biomarkers; and the ma-

jority of tested L-sOPLS models, for different (qpred, λ1) combinations, provide

better predictive performances than the best (O)PLS reference model. So,

again, no compromise must be done between very competitive predictions on

one side and sparsity on the other side (leading to simpler and more inter-

pretable models) when using L-sOPLS.
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Table 3.3: (O)PLS and sparse results for the RT-qPCR data. The six higher
coefficients in absolute value are highlighted in bold for PLS and OPLS

PLS coefficients OPLS bOPLS sPLS selection L-sOPLS selection
q = 2 q = 1 + 1 qpred = 2, λ1 = 0.68 qortho = 1, qpred = 1,

λ1 = 0.67
LOO-RMSEP LOO-RMSEP LOO-RMSEP LOO-RMSEP

miRNAs =0.4356 =0.4356 =0.4297 =0.4147
log miR x1 -0.083 -0.031 Yes (-0.115) No
log miR x2 0.066 0.050 Yes (0.073) Yes (0.072)

log miR x3 0.065 0.045 Yes (0.081) Yes (0.065)

log miR x4 -0.053 -0.009 No No
log miR x5 0.053 0.034 Yes (0.065) Yes (0.049)
log miR x6 -0.049 0.014 No No
log miR x7 -0.048 -0.019 No No
log miR x8 0.042 0.037 Yes (0.046) Yes (0.054)
log miR x9 -0.031 -0.001 No No
log miR x10 0.026 0.040 Yes (0.014) Yes (0.058)

log miR x11 0.024 0.039 Yes (0.009) Yes (0.056)
log miR x12 0.022 0.028 No No
log miR x13 0.022 0.038 Yes (0.009) Yes (0.055)
log miR x14 0.015 0.009 No No
log miR x15 -0.015 -0.004 No No
log miR x16 0.007 0.015 No No
log miR x17 0.002 0.032 Yes (-0.020) No
log miR x18 0.001 0.023 No No
log miR x19 -0.001 0.030 No No

Two clear primary biomarkers are identified by the four algorithms: log miR x2

and log miR x3 (Table 3.3). These miRNAs are among the higher coefficients

found by PLS/OPLS and are also selected by the sparse solutions.

3.5 Conclusion and further works

In this article, objective sparse solutions are provided in order to solve the

problem linked with the subjective selection of biomarkers in -omics studies

(how many? What thresholds? What cut-offs?) when using PLS or OPLS.

Sparse-PLS (sPLS) is already implemented in computer software and begins to

be used in the metabolomics community, but an innovative and quite intuitive

approach combining sparsity in the feature selection and the orthogonalization

advantages of OPLS is proposed in this paper with the Light-sparse-OPLS

(L-sOPLS).

Applied on urine 1H-NMR spectral data or on genomic q-PCR data, this

new sparse algorithm leads to very convincing results, by selecting a (very)

small number of (very) relevant features as biomarkers and by providing, con-

sequently, lighter cross-validated optimal models to practitionners which may
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be much easier to interpret and to deploy. However, often, the sparsity goal

can be only reached at the expense of lower predictive performances, when

classifying new observations, compared to non-sparse models. It is mainly the

case for sPLS models, for which compromises have to be made between drastic

feature selection and predictive power. But such compromises do not seem to

be necessary for the L-sOPLS, for which sparsity, even at a severe level, goes

hand in hand with a better predictive ability than (O)PLS and sPLS models.

The objective of this article remains focussed on biomarker identification. A

further interesting work would consist in more deeply investigate the predictive

performances of L-sOPLS (binary predictions, false positives/negatives, ROC

curves, ...) and compare them to standard PLS or OPLS predictions. Then,

it would probably emphasize even more a question of compromise between

”perfect” predictions and interpretable sparse predictions.

Another further possible work would be to address the correlation or colinear-

ity into the data that very often characterizes metabolomics spectral databases.

Several signals, for instance peaks in 1H-NMR, can overlap, move together

and/or be associated to a same molecule. So, an idea would be to apply L-

sOPLS on 2D-NMR spectra (COSY for instance [Feraud et al., 2017]) or to

take into account groups of features instead of individual features as inputs of

the sparse algorithms. Methods like Group-LASSO, Sparse-Group-LASSO or

Overlay-Group-LASSO ([Friedman et al., 2010]) could then be tested in this

context.

Softwares As mentioned regularly all along this paper, the R software (http:

//www.R-project.org) environment was exclusively used, via existing pack-

ages (pls, spls, ropls), or coded ad hoc (OPLS and L-sOPLS, functions which

are available here: https://github.com/ManonMartin/MBXUCL).
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CHAPTER 4

PAPER III : Two data pre-processing workflows to

facilitate the discovery of biomarkers by 2D NMR

metabolomics

This Chapter 4 includes the full text of Paper III, which is entitled ”Two

data pre-processing workflows to facilitate the discovery of biomarkers by 2D

NMR metabolomics” (Féraud, B., Leenders, J., Martineau, E. et al.) and was

submitted to Metabolomics in 2018 (June).

It can be viewed as a larger and concrete application of the GPL workflow,

of the MIC concept and of the L-sOPLS algorithm (for the first time applied

on 2D data) in order to evaluate and compare multiple 1D and 2D NMR data

sources. In this paper, the Vectorization workflow (Section 1.2.2.2) was also

introduced to handle and pre-process 2D COSY spectra.

Abstract

Introduction The pre-processing of analytical data in metabolomics must be

considered as a whole to allow the construction of a global and unique ob-

ject for any further simultaneous data analysis or multivariate statistical mod-

elling. For 1D 1H-NMR metabolomics experiments, best practices for data

pre-processing are well defined, but not yet for 2D experiments (for instance

COSY in this paper).
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Objective By considering the added value of a second dimension, the objective

is to propose two workflows dedicated to 2D NMR data handling and prepara-

tion (the Global Peak List and Vectorization approaches) and to compare them

(with respect to each other and with 1D standards). This will allow to detect

which methodology is the best in terms of amount of metabolomic content

and to advantageously illustrate this selected workflows, as proof of concept,

in order to finally be able to find relevant biomarkers.

Methods To select the more informative data source, MIC (Metabolomic In-

formative Content) indexes are used, based on clustering and inertia measures

of quality. Then, to highlight biomarkers or critical spectral zones, the PLS-

DA model is used, along with more advanced sparse algorithms (sPLS and

L-sOPLS).

Results Results are discussed according to two different experimental designs

(one which is unsupervised and based on human urine samples, and the other

which is controlled and based on spiked serum media). MIC indexes are shown,

leading to the choice of the more relevant workflow to use thereafter. Finally,

biomarkers are provided for each case and the predictive power of each candi-

date model is assessed with cross-validated measures of RMSEP.

Conclusion In conclusion, it is shown that no solution can be universally

the best in every case, but that 2D experiments allow to clearly find relevant

biomarkers even with a poor initial separability between groups. The MIC

measures linked with the candidate workflows (2D GPL, 2D vectorization, 1D,

and with specific parameters) lead to visualize which data set must be used as

a priority to more easily find biomarkers. The diversity of data sources may

often lead to complementary or confirmatory results.

Keywords: 2D NMR - 1H-NMR - COSY spectra - Pre-prossessing workflows

- Metabolomic Informative Content (MIC) - Biomarker discovery - PLS - sPLS

- L-sOPLS

4.1 Introduction

In a large variety of current metabolomics studies, as for the whole family

of -omics, the research of accurate biomarkers is a key issue whether it is to

diagnose a disease or to measure its degree of progress, to estimate the effects

of a pharmaceutical treatment, to control the quality of consumer goods, etc.

Biomarkers are then a way to explain and/or to anticipate an event, which can

be of a critical importance for example in case of a medical decision to operate

or the choice of a heavy-duty or long-term medical treatment.
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In practice, the statistical detection of such biomarkers is carried out by many

researchers using Partial Least Squares (PLS) analyses when the response ma-

trix of interest Y is continuous; or PLS-DA (Discriminant Analysis) if Y is

categorical or coded as a binary vector y when only two levels are of interest

(for instance, y = 1 for patients with a disease and y = 0 for healthy people, but

note that one can generalize to a multilevel response variable). The popularity

of PLS and OPLS (Orthogonal PLS) regression methods in metabolomics dates

from the early 2000s, mainly based on the works of Svante Wold and Johan

Trygg [Wold, Trygg et al., 2001] [Wold et al., 2001], and the parallel devel-

opment of the SIMCA software (see for instance [Bylesjo et al., 2006]). Since

then, this popularity has never stopped growing and the vast majority of the

past and current biomarkers’ researches are linked to the PLS(-DA) principles.

Because it can be advantageous to deal with only a small number of -very-

significant and ideally easily interpretable biomarkers, several studies involving

sparse solutions and methods have been proposed these last years, with the

objective to reinforce the most significant biomarkers’ coefficients and to force

the less significant ones to be equal to zero (according for instance to some

LASSO-like penalties and to the well known LARS algorithm [Efron et al.,

2004]). In this paper, the notion of sparsity will be explored in the context

of the biomarker discovery issues in metabolomics. Sparse PLS (sPLS) [Chun

and Keles, 2007] and Light sparse Orthogonal PLS (L-sOPLS) [Feraud et al.,

2017] are tested (but other sparse techniques are of course possible).

But the main purpose of this paper concerns the input data chosen to feed

these algorithms. Best practices for 1D spectral data, and in particular for

proton 1H-NMR are now well-known and commonly applied ([Ravanbakhsh

et al., 2014] [Craig et al., 2006] [Martin et al., 2017] for example). For two-

dimensional data sources, it is not fully the case yet (as for COSY spectra,

for COrrelation SpectroscopY, considered here). When the spectral results of

an experience or an experimental design have to be considered as a whole, it

is critical to create a global and unique data object for further simultaneous

statistical analysis or multivariate modelling (as biomarker discovery).

The design of appropriate data pre-processing workflows for 2D NMR data ap-

pears timely, since 2D NMR has recently emerged as a promising alternative to

1D NMR in metabolomics studies [Marchand et al., 2017]. 2D spectroscopy of-

fers a broad variety of experiments that can significantly increase the dispersion

of NMR signals, and this is particularly useful in the case of complex biologi-

cal samples whose 1D NMR spectra are severely hampered by peak overlaps.

In 2D NMR, peak volumes remain proportional to metabolite concentrations

-although the analytical response is peak-specific, contrary to quantitative 1D
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NMR [Giraudeau, 2014]. The inter-comparison of peak volumes between sam-

ples remains possible, as well as the use of 2D spectra for targeted quantifica-

tion if the peak response factor is calibrated through an external calibration or

with standard additions [Giraudeau et al., 2014]. 2D NMR experiments suffer

from long experiment times, but this duration can be significantly shortened

if needed by relying on fast acquisition methods [Rouger et al., 2017]. Several

recent studies have shown the potential of 2D NMR in metabolomics, either for

untargeted analysis ([Le Guennec et al., 2014] [Marchand et al., 2018]) or for

the targeted quantification of metabolites ([Le Guennec et al., 2012] [Martineau

et al., 2012] [Jezequel et al., 2015]). However, all these studies were focused

on the improvement of data acquisition methods, but suffered from a lack of

standardized approach for the pre-processing of 2D data.

Two methodologies, or workflows, to handle 2D COSY spectral data are pre-

sented and compared in order to fill this lack. First, the Global Peak List (GPL)

workflow [Feraud et al., 2017] implies the construction of individual peak lists

linked with each initial individual spectrum and the intelligent merging of these

individual peak lists into a global matrix, called GPL. The GPL workflow also

allows to control the resolution (and also the final size of the final object) and

basic data treatments. Second, a vectorization workflow is proposed which is

not dependant of any external software and which allows to fully and more

precisely fix the size of the final matrix. The goal of this work is to consider

these two workflows, to see how they can be tuned via different parameters

and to compare them to each other and with the 1D 1H-NMR approach in

terms of amount of metabolomic content, or useful information, contained in

the resulting data matrices. When a specific workflow is declared the best for

classifying and separating homogeneous groups, the biomarker discovery step

can advantageously be implemented on it.

The paper is organized as follows. Section 4.2 provides a detailed description

of the two data sets used to demonstrate and compare the workflows: a COSY

design involving different urine donors and a controlled COSY design involving

spiked doses of two products (threonine and glutamate) in serum media. The

questions of interest will be respectively the following for these two data sets:

how can we blindly retrieve and separate the urine donors? How can we identify

the threonine and glutamate molecules’ fingerprints and then accurately find

these two products as primary biomarkers?

The GPL and vectorization workflows, the assessment of the amount of cap-

tured metabolomic content (via the Metabolomic Informative Content, MIC

[Feraud et al., 2017]) and the biomarker discovery statistical models (PLS,

sPLS, L-sOPLS) are detailed in the methodological Section 4.3. Results for
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both data sets are then shown and discussed in Section 4.4. Finally, a general

conclusion is given in Section 4.5.

4.2 Materials: data sets and experimental pro-

tocols

In this section, the two selected data sets used to train the two workflows and

to illustrate the biomarkers selection issue are presented. For both of them,

a description and motivational explanations are provided, as well as the main

acquisition parameters.

4.2.1 First experimental design: urine donors

4.2.1.1 Description and motivations

This first data set was built in the context of a wider inter-laboratory study

about repetability of different 1D 1H-NMR and 2D COSY spectral measures

and acquisition protocols. The experience involves three factors of variation:

three different donors, two urine dilution levels and four different days of ac-

quisition. Eight measures are finally available for each donor.

In this paper, note that the focus is strictly on the group factor (i.e. the

donors) as it corresponds to the signal we want to capture and explain in

subsequent sections. In this regard, urine dilution and days factors can be

considered as additional sources of noise and will not be commented separately

in details.

Concretely, the idea is to handle all these data sources with the two presented

workflows, to visualize which of them succeeds best in capturing the signal or

main information (i.e. the donors) and finally to illustrate the allowed ben-

efits when finally searching for relevant biomarkers (i.e. metabolites which

contribute to classify the data into homogeneous groups).

4.2.1.2 Urine collection

In order to conduct this experiment and to design the collection of urine sam-

ples, the morning urine of three different fasting donors was collected. For each

donor, four aliquots of 400 µl and four aliquots of 320 µl were placed at -80◦C.

Then, on each consecutive day (four days), six aliquots were thawed (3 donors

× 2 quantities) and routinely prepared as follows.

Urine samples of 400 µl were supplemented with 300 µl of deuterated phos-

phate buffer (DPB, pH 7.4), while 320 µl urine aliquots were supplemented
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with 380 µl of the same buffer. 10 µl of a 10 mg/ml TMSP solution was then

added to all aliquots. The four aliquots of each dilution were put in 5mm NMR

tube for NMR acquisition and analyzed. For each day, the order of measure-

ment was held constant across the six sub-samples. A total of 24 1D and 2D

collected signals are finally available.

All spectra are internally labelled as Si Dj Ek, where S corresponds to the

donor label (i = 1, ..., 3), D is the dilution (j = 0: no dilution; j = 1: 25%

diluted) and E is the day of acquisition (k = 1, ..., 4).

The acquisition of 1D and 2D NMR spectra is described below in Section

4.2.3.

4.2.2 Second serum based experimental design: spiked

products

4.2.2.1 Description and motivations

The second dataset consists in proton-NMR and 2D COSY spectra acquisi-

tion of sera samples spiked with known concentrations of metabolites. In this

dataset, glutamate and threonine have been used as spiking references. In-

deed, 1H-NMR identification of these two metabolites is usually difficult to

perform on clinical samples due to spectral crowding and peak overlapping in

their region. Threonine is completely overlapped by lactate at 1.32 ppm, while

glutamate is overlapped at 2.12 ppm and 2.34 ppm by proline, lipoproteins

and glutamine [Marjanska et al., 2008]. The purpose of this dataset is to assess

the separation between spiked and non-spiked samples using the two presented

workflows, in order to determine which one is the best at highlighting these

spiked metabolites.

4.2.2.2 Blood collection and spiking

Serum from a single donor was collected and 36 aliquots of 500 µl were prepared

and stored at -80◦C. On three consecutive days of experiment, 12 aliquots were

thawed and spiked under four different conditions as follows: i) 500 µl serum

without any product added (internally labelled as ”P1D1 P2D1”); ii) 500 µl

serum spiked with 7 µl of a 17 mM threonine solution (”P1D2 P2D1”); iii) 500

µl serum spiked with 10 µl of a 8.3 mM glutamate solution (”P1D1 P2D2”);

iv) and 500 µl serum spiked with 7 µl of the 17 mM threonine solution and

with 10 µl of the 8.3 mM glutamate solution (”P1D2 P2D2”). 30 µl of a

10 mg/ml TMSP solution and 50 µl of a 35 mM maleic acid solution were

then added to all samples. Finally, samples were supplemented with different

volumes of deuterated phosphate buffer (DPB, pH 7.4) in order to reach a final
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volume of exactly 700 µl in each case. Samples were put in 5 mm NMR tube

for NMR acquisition and were analyzed. A total of 36 spectral measures are

finally available.

In this experiment, spectra are labelled as Ji P1Dj P2Dj Rk, where J is

the day of measurement (i = 1, ..., 3), P1 corresponds to threonine and P2 to

glutamate, D refers to the spiking condition (j = 1: no spiking; j = 2: spiking

of the corresponding metabolite) and R is the repetition of the experiment

(k = 1, ..., 3 for each day).

The acquisition of 1D and 2D NMR spectra is described below in Section

4.2.3.

4.2.3 NMR spectroscopy

All samples were analyzed at 298K on a Bruker Avance spectrometer operating

at 500.13 MHz for proton signal acquisition. The instrument was equiped with

a 5 mm TCI cryoprobe with a Z-gradient. 1H-NMR spectra were acquired using

a 1D noesypresat pulse sequence with presaturation for urine samples and a

CPMG relaxation-editing sequence with presaturation for serum samples. The

experiment with water signal presaturation used a RD-90◦-Tau-90◦-Tm-90◦-

acquire sequence with a relaxation delay of 4 s, a mixing time (Tm) of 10 ms,

and a fixed Tau delay of 4 µs. The water suppression pulse was placed during

the relaxation delay (RD). The CPMG experiment used a RD-90-(t-180-t)n-

sequence with a relaxation delay (RD) of 2 s, a spin echo delay (t) of 400 µs

and a number of loops equal to 80. The number of transients was typically 32,

and a number of 4 dummy scans was chosen. The acquisition time was fixed

to 3.28 s. The data were then processed with the Bruker Topspin 3.2 software

with a standard parameter set.

Before Fourier transformation, FIDs were subjected to exponential multipli-

cation resulting in an additional line-broadening of 0.3 Hz. Phase and baseline

corrections were performed manually over the entire range of the spectra, and

the δ scale was calibrated to 0 ppm, using the internal standard TMSP.

For 2D experiments, gradient enhanced magnitude COSY (pulse sequence

cosygpprqf supplied by Bruker) with a pre-saturation during relaxation delay

was used for urine and sera samples 2D measurements. Spectra were collected

with 4096 points in F2 and 300 points in F1 over a sweep width of 10 ppm,

with 4 scans per F1 value. The acquisition times were fixed to 0.256 s in F2

and 0.0187 s in F1. The resulting COSY spectra were processed in Topspin

3.2 using standard methods, with sine-squared apodization in both dimensions

and zero filling in F1 to yield a transformed 2D dataset of 2048 by 2048 points.



174
Chapter 4. PAPER III : Two data pre-processing workflows to facilitate the

discovery of biomarkers by 2D NMR metabolomics

Finally, Fourier transformation, baseline correction and symmetrisation were

performed manually on all FIDs.

4.3 Methods

This methodological section discusses the data pre-processing steps to apply

when the full spectral acquisition has been performed. As previously said, when

a whole experimental design is considered, a global and unique object has to

be built for further data analysis or multivariate statistics. Two workflows

are presented in this paper: a workflow based on the concept of ”Global Peak

Lists” (GPL, see [Feraud et al., 2017] and Section 4.3.1) and another which

implies the vectorization of the initial spectral matrices (Section 4.3.2). In this

paper, note that we make the implicit and intuitive assumption that 2D data

requires a less advanced level of pre-processing than for 1D data.

When an unique data object has been built, any multivariate statistical tool

can then be applied on it: clustering, classification, PCA, PLS regressions,

sparse regressions, etc... Different data sources, or matrices, built according to

differents acquisition parameters or conditions, can first be compared in order

to determine which set contains most information about the signal. Inertia

or Metabolomic Informative Content (MIC) measures [Feraud et al., 2017] are

presented to answer this question (Section 4.3.3).

In the context of biomarker identification, this unique and global object can

then be considered as input into usual (O)PLS regressions or into more ad-

vanced sparse models (Section 4.3.4).

4.3.1 The Global Peak List (GPL) approach

This approach is fully detailed in [Feraud et al., 2017] and is structured as

illustrated in Fig.4.1 (left part). First, each of the n initial individual 2D

spectra is converted into an individual peak list, i.e. a (ti × 3) matrix which

contains the two ppm coordinates and the concentration intensity of ti existing

peaks. After some manipulations detailed below, the n peak lists are merged,

resulting in a (T×MGPL) Global Peak List (GPL) matrix. This matrix includes

the T pairs of coordinates that appear in at least one of the individual spectra

and all the corresponding intensities. Note that the number of rows T is not

known in advance.

The individual peak lists can be obtained from initial spectra with, for exam-

ple, the ACD/Labs free software (ACD/NMR processor). It implies the choice

of a threshold to determine when an intensity level begins to be relevant and
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can not be associated with pure noise only. This threshold has to be maintained

at a low level, typically between 0.02 and 0.05 in ACD/Labs.

A list of pre-processing steps can be applied on the individual initial peak

lists in order to increase the impact of the informative sources and to remove

potential unnecessary artefacts. These steps include, for instance, the sym-

metrisation of homonuclear 2D spectra with respect to the diagonal, or the

removal of negative intensities.

With biological samples, one major problem is the strong residual water signal,

even with a previous application of some solvent signal suppression techniques.

As a result, a water zone deletion is very useful to avoid over-representations

(it mainly concerns the water zone, but may also concern urea, maleic acid or

lipoproteins). A normalization of the intensities (using Constant Sum = 1) and

a further log-transformation can also be of crucial interest and added in order

to stabilize distribution variances.

Finally, a dimension reduction step is also applied. In 1H-NMR spectroscopy,

bucketing tools are common and widely used to control the spectral resolu-

tion and/or to overcome the misalignments problems. Classical and more ad-

vanced bucketing methods have already shown their usefulness for 1H-NMR

spectra [Rousseau, 2011] [Sousa et al., 2013]. In this workflow, a soft bucket-

ing step adapted to 2D COSY is used in order to control the resolution level

of the two-dimensional spectra. Practically, a variation of the number of dec-

imals of the coordinates is simply proposed. The intensities belonging to a

bucket are then aggregated. For example, if the couples of coordinates [3.286;

4.194], [3.281; 4.189] and [3.278; 4.191] provide positive intensities INT1, INT2

and INT3 respectively, the couple [3.28; 4.19] provides an intensity equal to

INT1+INT2+INT3 when adjusting the number of allowed decimals from 3 to

2. Using this method, the width of the COSY peaks is adjusted and the size of

the resulting database is adjusted simultaneously. Furthermore, intermediate

resolutions can be computed in a similar way.

All these steps can be easily implemented using the R programming language

(http://www.R-project.org).

4.3.2 The vectorization approach

Unlike the GPL approach, the vectorization one can be directly applied on raw

Bruker text files. The choice of the intensity threshold when using ACD/Labs

is then not anymore an issue.

The principle is quite straightforward: each individual initial (m×p) 2D spec-

tral matrix is first bucketed twice (by rows and by columns) and summarized

http://www.R-project.org
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Figure 4.1: The GPL and vectorization approaches workflows for 2D experi-
ments: steps and resulting data files.
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into a (MV ×MV ) object. The high dimensionality of the data and small resid-

ual peak shifts can indeed impede the future multivariate data analyses [Liland,

2011] and bucketing reduces such problems by integrating the p original spec-

tral intensities into MV predefined intervals, or buckets, with MV < p. For

convenience with standards, MV is often chosen equal to 256 or 512 here (or

subsequent 2k multiples according to the initial resolution) in order to control

the dimension reduction and to avoid truncating extremities.

In this step, the optimal trade-off lies between keeping the spectral infor-

mation and removing the peaks shifts as well as decreasing the total number

of variables. Among possible binning methods, The R package PepsNMR’s

([Martin et al., 2017]) bucketing function proposes two integration options, ei-

ther trapezoidal or rectangular, with equally sized buckets and is generalized to

cut the original axis at any chosen location. For 2D COSY, rectangular buck-

eting is chosen for its more intuitive aspect linked with a kind of pixelation of

a spectral grid.

These bucketed 2D objects are then vectorized, transformed into a (1×MV
2)

row vector. Finally, these row vectors are stacked to form a global matrix of

size (n×MV
2) containing the whole information from all the initial spectra.

Before this bucketing step, the water zone is set to zero and the normalization

(Constant Sum = 1) step is performed. A subsequent log-transformation could

also be considered for the same reason as the GPL methodology.

The vectorization workflow is displayed in simplified form in Fig.4.1 (right

part). The different patterns represented in this figure could involve different

sources for the initial data, different acquisition techniques or set of parameters,

etc. In this figure, all the steps are displayed from the signal acquisition to the

final obtained global matrices. Note that the initial FID are transformed and

pre-processed via, for example, the Bruker TopSpin software (double Fourier

transform, baseline correction, etc.). Recommended data file formats are also

mentioned. For instance, the .dx format is more adapted to the ACD/Labs

environment.

4.3.3 The assessment of the Metabolomic Informative Con-

tent

Once a set of global objects is obtained for a given experimental study, Global

Peak Lists or Vectorized spectra, stemming from various sources (urine, blood,

serum, ...), various experiences (COSY, TOCSY, ...) or from the variation of

some parameters of acquisition at any step of the workflows, a natural progress

involves determining which one is the ”best” to consider further more elab-

orate statistical studies. ”Best” means here the capacity to distinguish and
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highlight the useful information, the signal, by opposition to the experimental

or environmental sources of variability.

Of course, repetitions of the sample measures have to be ideally planned dur-

ing the data acquisition when these signal/noise studies are of major interest.

Moreover, the presence of groups to recover into the data is very important

and helpful by taking the role of the above-mentioned signal.

When such data are fully available, quality criteria to compare distinct pre-

processing strategies can be derived from unsupervised as well as supervised

chemometric tools. In this paper, the selected criteria are gathered under the

Metabolomic Informative Content (MIC) concept, developed in [Feraud et al.,

2017] and include complementary inertia measures, clustering analysis quality

measures and PCA or PLS-DA related criteria.

First, the inertia analysis decomposes the total variance into two complemen-

tary parts: the variance between the groups (maximized in a good partition)

and the variance within the groups of observations (minimized in a good parti-

tion). Second, the clustering results obtained via the Ward’s algorithm ([Ward,

1963], [Murtagh and Legendre, 2011]) or the K-means one ([McQueen, 1967])

are summarized into some criteria. The (adjusted) Rand indexes measure the

true class recovery efficiency and should be maximized, with a maximal value

of 1, while the Dunn and Davies-Bouldin indexes measure the clustering homo-

geneity and they have to be respectively maximized and minimized (formula

details can be found in [Feraud et al., 2017]). Finally, PCA and PLS-DA can

allow to graphically recover the groups from the spectral data.

A priori, the spectral pool which provides the best MIC performances on

average would be the pool that allows in the best way to capture the relevant

information and to discern the useful signal relative to the noise.

4.3.4 Biomarker identification

After data preparation and data quality analysis, the next step consists in

applying multivariate statistical tools to model the information and ideally

discover relevant biomarkers.

In order to apply and illustrate the two workflows, as proof of concept, and the

quality measurements, the idea is now to discriminate the urine donors and to

blindly identify discriminant biomarkers or spectral zones when using the first

dataset; and to discriminate the groups linked with different doses of threonine

and glutamate when using the second dataset. In the later controlled case,

the biomarkers to be found should be directly linked with threonine and/or

glutamate.
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The conventional PLS ([Wold et al., 2001] [Trygg and Wold, 2002]) and the

already well established sparse PLS (sPLS) ([Chun and Keles, 2007] [Chung

et al., 2012] [Feraud et al., 2017]) methods are applied here, along with the

innovative sparse L-sOPLS solution fully detailed in [Feraud et al., 2017]. L-

sOPLS remains quite intuitive. It requires to start with the OPLS algorithm,

to follow the process until the construction of a data matrix Xd (deflated by

the y-orthogonal components) and then to apply a sparsing model on this fil-

tered matrix specifically, instead of on the initial data matrix X. The sparsing

technique may be freely chosen between sPLS, Lasso logistic regression, Elas-

tic Net, etc. In this paper, L-sOPLS combines the OPLS orthogonalization

step with sPLS. For interpretability and intuitiveness concerns, the L-sOPLS

algorithm implies two optimization steps in order to ensure the best possible

predictive ability (i.e. for each step, minimization of the Root Mean Square

Error of Prediction (RMSEP) via an adapted cross-validation technique). The

first step is aimed at optimally selecting the number of orthogonal components,

as in a classic OPLS process. The deflated resulting matrix Xd is then built

according to this number (qortho). The second step builds the sPLS sparse

model, using Xd as input, and is based on a number of predictive components

(q) and a penalty term (λ1) also both chosen optimally.

1D 1H-NMR and 2D COSY spectra will be used and results will be compared

in both cases.

4.4 Results and discussion

In this section, all the obtained results are discussed for the two data sets, but

only some of them are shown for convenience and readability. Section 4.4.1

provides MIC indexes and Section 4.4.2 shows biomarker discovery results. In

Section 4.4.2, optimal parameters will be also provided for each PLS, sPLS and

L-sOPLS model.

During the pre-processing stage, the water zone was set to zero (typically

deletion of a square area between 4.5 and 5.5 ppm) and a classical outlier

detection was performed. In the second experimental design based on serum,

it was also found better to delete lipoprotein zones (1.26-1.33 ppm and 0.91-

0.945 ppm) as they are tending to vary according to the time which the sample

spent at room temperature before NMR measurements. A log transformation

was applied on all GPL matrices. The 1D 1H-NMR spectra were bucketed at

0.02 ppm and were submitted to constant sum normalization (using PepsNMR

[Martin et al., 2017]).
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4.4.1 Metabolomic Informative Content results

For both experimental designs, the MIC indexes mentioned in Section 4.3.3

and described in [Feraud et al., 2017] were calculated on the basis of different

degrees of pre-processing of the initial COSY spectra. More precisely, differ-

ent log-transformed GPL were generated by tuning the ACD/Lab significance

threshold and/or the number of retained decimals of the coordinates in the

2D bucketing step. The vectorization approach (Section 4.3.2) was also taken

into account in the process, along with 1H-NMR spectra. The main results are

described in Table 4.1.

As a reminder, the goal is to recover the three different donors in the case of

the first design and the four doses combinations of threonine and glutamate in

the case of the second one.
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For the first experimental design, the indexes tend to show that the best

informative content and separability are reached by log-transformed GPL ap-

proaches involving small matrices (with one or two decimals for the coordi-

nates). In these cases, the initial groups can be blindly retrieved without any

error (Rand indexes = 1, good between inertia, etc.). It is also the case when

using pre-processed 1H-NMR spectra, but with lower Dunn index values. Note

that inertia measures are somehow far better with 1D processed data.

In the upper part of Fig.4.2, the first two PCA factors are displayed for the

GPL with threshold = 0.05 and number of decimals = 1, and for the pre-

processed 1H-NMR data. In both cases, perfect separability is reached between

the urine donors, as expected by the perfect Rand indexes.

Note that the urine dilution factor does not interfere in the creation of the

donors clusters.

For the second design, the results in Table 4.1 are far more homogeneous

between the various techniques and separability between groups is harder to

obtain (lower Rand and between inertia indexes for instance). However, the

use of the 1D NMR seems to supply the best performances to separate the

doses levels. The vectorization approach provides similar results than GPL

ones (except the GPL with threshold = 0.05 and number of decimals = 1,

which is again better). Remember that the benefits of vectorization allow to

directly select the dimensions of the matrix on which the user wants to work and

allow to bypass the use of ACD/Labs to arbitrarily select the initial significance

threshold.

In the lower part of Fig.4.2, the first two PCA factors are displayed for this

second design, illustrating a quite low discriminating power between the doses.

Note that the percentage of explained variance by the first two principal com-

ponents is better when using 1D data. This later PCA does not seem very

informative about the groups separability but Section 4.4.2 demonstrates that

this is not necessarily bad news in terms of relevant biomarker discovery.

These poor PCA results can be explained by two reasons. First, PCA remains

a descriptive and unsupervised technique which, by definition, takes into ac-

count all the factors of the experiment (in other words, PCA is not appropriate

to detect one factor precisely, here the dose levels, among other factors). PLS

and relative models are on the contrary supervised and focused on a target to

explain.

Secondly, this threonine/glutamate experimental design proposes conditions

of low variabilities between samples, which is doubtless close to real conditions.

Indeed, the spiking process described in Section 4.2.2.2 implied only a 1 to

1.4% change between the samples in terms of volume (7 or 10 µl among a total

of 700 µl).
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Figure 4.2: First two PCA factors for the best GPL in terms of MIC results
(left) and for the corresponding pre-processed 1H-NMR data (right). The upper
individuals PCA graphs are related to the first urine design; the lower ones to
the second threonine/glutamate design. Note again that each individual in
these score plots are internally defined by S=donor, D=dilution and E=day of
acquisition for the first design; and by J=day, P=product, D=spiking condition
and R=repetition for the second design.

4.4.2 Biomarker discovery results

When the source of data containing most information is identified via the MIC

measures, the user can have an idea on which workflow to use in order to sep-

arate individuals and to highlight biomarkers or discriminating spectral zones.
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In this section, PLS, sPLS and L-sOPLS are used to detect relevant biomarkers

from the best 2D COSY solution (i.e. GPL with threshold = 0.05 and number

of decimal = 1) and from corresponding 1H-NMR spectra. Each model is

optimized in order to minimize the RMSEP via LOO cross-validation. For PLS,

the number of predictive component(s) q is optimized by this way. For sPLS,

the number of predictive component(s) q and the penalty term λ1 are optimized.

And, finally, for L-sOPLS, the number of orthogonal component(s) qortho is first

optimized and, in a second step, the number of predictive component(s) q and

the penalty term λ1 are optimized too.

For convenience, and because the expected biomarkers to found are known,

results for the second experimental design are primarily discussed in details.

In 1D, threonine appears in these following zones: 1.33 ppm, 3.59 ppm and

4.29 ppm (submitted to 0.02-0.03 ppm variations according to the pH). Gluta-

mate appears in these following zones: 2.05 ppm (large signal), 2.34 ppm and

3.76 ppm (submitted to 0.02-0.03 ppm variations according to the pH). In 2D

COSY, correlation peaks have to appear outside the diagonal. For threonine:

1.356 - 4.288 ppm (and 4.288 - 1.356 ppm) and 3.611 - 4.288 ppm (and 4.288

- 3.611 ppm). For glutamate: 2.165 - 2.487 ppm (and 2.487 - 2.165 ppm) and

2.165 - 3.803 ppm (and 3.803 - 2.165 ppm). These correlation peaks are shown

in Fig.4.3.

Ideally, the objective is to already detect the 1D peaks using the pre-processed
1H-NMR spectra (used first because of better MIC performances for this design,

see Table 4.1).

The PLS, sPLS and L-sOPLS results are shown in Table 4.2 (as the associ-

ated optimal parameters). For PLS, the twenty first selected features, asso-

ciated with the twenty highest coefficients in absolute values, are arbitrarily

displayed. For optimized sPLS and L-sOPLS, the sparse decisions concern-

ing these biomarkers are also shown (Yes/No to indicate if the biomarker is

selected, and the corresponding final sparse coefficient if yes).

One can see that the threonine and glutamate 1D peaks are well retrieved

by the PLS and the sparse algorithms (in bold for these last ones) even if the

MIC and PCA results don’t provide a smart separation between the groups of

spectra. Furthermore, the use of sparse techniques, and in particular L-sOPLS,

leads to a lower value of the RMSEP of the model, thus significantly improving

the predictive power (from 0.1755 to 0.0759).

But one can also see that some artefacts or other ppm zones are selected, often

with high coefficients (and importance). For example, the peaks in 3.909 and

1.389 ppm are selected and can be easily confused with some nearby threonine

and/or glutamate peaks. It can refer to a contiguous peak zones problem

which may require the addition of a deeper warping step. This confirms the
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Figure 4.3: Threonine (in red) and glutamate (in blue) 2D correlation peaks in
a raw COSY spectrum and corresponding peaks in a 1D NMR spectrum (red
dashes for threonine and blue long dashes for glutamate).

interest to apply PLS, sPLS and L-sOPLS on 2D data in order to ideally

highlight relevant correlation peaks outside the diagonal. These peaks would

then confirm and reinforce the first 1D results. The search for non-diagonal

biomarkers based on the best 2D COSY solution (i.e. GPL with threshold
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Table 4.2: PLS, sPLS and L-sOPLS biomarker selection for 1H-NMR data
(threonine-glutamate design).

PLS coefficients sPLS selection L-sOPLS selection
q = 4 q = 5, λ1 = 0.72 qortho = 3, q = 5, λ1 = 0.72

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.1755 =0.1514 =0.0759

1.349 Threonine 345.88 Yes (352.92) Yes (196.14)
2.369 Glutamate 340.53 Yes (647.35) Yes (158.22)
2.389 Glutamate 313.39 Yes (578.24) Yes (145.98)
3.609 Threonine 261.96 Yes (362.60) Yes (366.93)
3.789 Glutamate 200.84 No No
1.329 Threonine -180.44 No No
4.289 Threonine 170.24 Yes (223.17) Yes (274.41)
3.269 -168.86 Yes (-272.94) Yes (-310.98)
1.37 Threonine 158.61 Yes (87.14) Yes (348.69)
3.25 -156.90 No No
2.149 140.05 No No
3.909 -125.45 Yes (-197.68) Yes (-348.36)
1.389 -115.01 Yes (-169.57) Yes (-229.57)
4.69 -112.42 No No
3.449 110.32 Yes (182.42) Yes (127.44)
0.929 -107.69 No No
3.289 -92.20 No No
3.49 -91.15 Yes (-64.97) No
2.089 Glutamate 89.46 No No
0.949 -89.13 No No

= 0.05 and number of decimal = 1) is summarized in Table 4.3. Even if all

the information was taken into account, biomarkers located on the diagonal are

not displayed, being redundant with the biomarkers discovered in 1D. For PLS,

the non-diagonal peaks whose coefficients are among the thirty higher global

coefficients in absolute values are displayed.

One can see in Table 4.3 that the PLS-DA technique can already detect the

threonine and glutamate correlation peaks in the 2D COSY spectral data, with

higher coefficients in absolute values. But the corresponding predictive power,

based on LOO-RMSEP criteria, is very poor. It is very important to observe

that sparse sPLS and L-sOPLS only detect threonine and glutamate correlation

peaks (and nothing else outside the diagonal). This result is very comforting,

especially as the increase in predictive quality is very significant (from 0.6393

with PLS to 0.1912 with L-sOPLS).

Of course, note that these latter values of LOO-RMSEP are not better than

the previous 1D ones, which is consistent with the initial MIC measures (better

separability can be reached when using pre-processed 1D data here).
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Table 4.3: PLS, sPLS and L-sOPLS non-diagonal biomarker selection applied
on the best GPL solution in terms of MIC measures (threonine-glutamate de-
sign).

PLS coefficients sPLS selection L-sOPLS selection
q = 5 q = 4, λ1 = 0.78 qortho = 4, q = 5, λ1 = 0.60

Biomarkers Zone LOO-RMSEP LOO-RMSEP LOO-RMSEP
(in ppm) =0.6393 =0.4872 =0.1912
4.3 - 3.6 Threonine 0.146 Yes (0.2089) Yes (0.0994)
3.6 - 4.3 Threonine 0.142 Yes (0.1884) Yes (0.0942)
2.1 - 2.4 Glutamate 0.0582 Yes (0.0933) Yes (0.0289)
4.3 - 1.4 Threonine 0.0544 Yes (0.0884) Yes (0.0555)
3.8 - 2.1 Glutamate 0.0495 Yes (0.0567) Yes (0.0308)
4.3 - 1.3 Threonine 0.0492 Yes (0.0692) Yes (0.0514)
2.4 - 2.1 Glutamate 0.0466 Yes (0.0367) Yes (0.0324)
3.8 - 2.2 Glutamate -0.0288 No No
1.4 - 4.2 Threonine 0.0269 No Yes (0.0119)
3.3 - 4.0 -0.0252 No No
4.4 - 4.9 -0.0244 No No
3.0 - 1.7 -0.0198 No No
3.8 - 4.9 -0.0182 No No

Concerning the first data design, the process would be a little bit different,

and more or less inverted. As MIC indexes tend to promote the use of some 2D

GPL as a priority (see Table 4.1), PLS, sPLS and L-sOPLS have to be applied

on these data source first. So, relevant 2D correlation peaks can be quickly

found in a blind and non-supervised way as biomarkers.

The discovery of such spectral correlation peaks, which perfectly discriminate

the three initial urine donors, can be directly put in connection with recent

studies. For instance in [Thevenot et al., 2015] and [Rist et al., 2017], the

effects of age, gender or Body Mass Index (BMI) as sources of variation on

the human metabolome are proved. Moreover, some particular peaks are high-

lighted as biomarker zones, in 1D and 2D (onto the diagonal), and contribute

to discrimine the three donors: principally Trimethylamine N-oxide (TMAO),

urea and acetaminophen (paracetamol).

Finally, the application of sparse algorithms on 1H-NMR data would only

serve as confirmation studies.

Note that the same conclusions are observed in terms of predictive power:

L-sOPLS always allows better results.
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4.5 Conclusions

In this article, two pre-processing workflows are presented to handle 2D COSY

spectral data issued from an experimental design and to summarize them into

a single and global object. The Global Peak List (GPL) workflow, especially

when considering low resolutions and a log transformation, performs very well

in terms of metabolomic content and tends to allow a high separability power

between existing groups in the data. The vectorization approach also has ad-

vantages: it may seem more intuitive for users, with no external significance

threshold to chose and final resulting matrices whose dimensions are strictly

known in advance.

On the basis of two different data designs (masked group donors and con-

trolled threonine/glutamate doses), GPL matrices, vectorization objects and

pre-processed 1D 1H-NMR data were compared in terms of MIC (Metabolomic

Informative Content), involving unsupervised clustering and inertia quality

measures, in order to visualize which data source is allowing the best separabil-

ity. For the first design, some GPL matrices obtained the best performances.

And for the second design, the 1D data source was slightly the best.

In each case, once a data source seemed better than the others, this source

was chosen as priority input for the biomarkers discovery algorithms. In this

paper, PLS-DA, sPLS and L-sOPLS were then applied. Because there is no

methodology or workflow that can be the best every time, the biomarkers

discovery step should ideally be applied on both 1D and 2D data sources to

highlight significant 1D peaks or 2D correlations. These two subsequent data

sources can then be used for confirmation or reinforcing purposes (1D peaks

which can confirm the previous highlighting of 2D correlation peaks; or 2D

correlation peaks which can reinforce the previous highlighting of 1D peaks

and corresponding metabolites).

The conclusion is then definitively focused on the complementarity between

the different data sources that can be available during an experience. The use of

different worflows or data sources, coupled with the use of different algorithms,

can lead to complementary and/or confirmatory results.

It is also very important to enhance that the second example, based on the

threonine-glutamate experimental design, demonstrated that 2D COSY spectra

allow to discover the relevant molecules’ fingerprints without any equivocation

via the non-diagonal biomarkers (Table 4.3), even if the initial MIC and PCA

results were not very optimistic (Table 4.1 and Fig.4.2).

For the biomarker research part of this article, it is demonstrated that sparse

derivatives of the PLS model provide very good performances in terms of
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biomarker identification and predictive power. By selecting a (very) small

number of (very) relevant features as biomarkers, by providing, consequently,

lighter and more interpretable cross-validated optimal models to practitionners,

and by offering very low RMSEP values, the L-sOPLS seems to be a very in-

teresting and promising tool. The conclusions observed in [Feraud et al., 2017]

are now confirmed on 2D COSY data here.
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CHAPTER 5

Contributions of faster 2D COSY acquisition experiments

to metabolomics: the Non-Uniform Sampling (NUS) and

the single scan COSY (NS1)

This chapter concerns the potential use of faster experiments inspired by the

initial 2D NMR COSY acquisition technique (see Section 1.1.3) and to deter-

mine their contributions in the context of metabolomics studies.

This chapter has to be considered as a draft and a basis for a further fourth

submitted paper. It is resulting from an inter-laboratories collaboration involv-

ing Patrick Giraudeau and Estelle Martineau from the Université de Nantes

(France), and Pascal de Tullio and Justine Leenders from ULg.

5.1 Motivations

It has been proved in Paper I and III that the use of 2D COSY spectral data

can allow to reach a better level of Metabolomic Informative Content (MIC,

see Section 1.3.2) compared to the traditional use of 1D 1H-NMR spectra, thus

taking advantage of the additional information contained in the 2D cross non-

diagonal peaks. These gains in terms of MIC are then confirmed by subsequent

better performances when searching for relevant final biomarkers to interpret

(see again Paper I and III conclusions).

193



194
Chapter 5. Contributions of faster 2D COSY acquisition experiments to

metabolomics: the Non-Uniform Sampling (NUS) and the single scan COSY (NS1)

In terms of pre-processing, the main initial intuition of this thesis is by the

way verified: the use the 2D COSY data sources allows to reach general

metabolomics results which are at least as good as the results obtained with

1D data, and this with a less advanced and less complex level of pre-processing

(Sections 1.2.1 to 1.2.2.3).

Among all these assets, a major problem still exists and can largely slow down

a generalized use of 2D spectra (COSY or others) in metabolomics: the acqui-

sition times. Actually, the acquisition of a single COSY spectrum requires from

20 minutes to an hour ([Delikatny et al., 1991]) depending on the spectrometer

and on the acquisition parameters. These times and costs result in potentially

several days of measurements for completing a whole experimental design.

Fortunately, some advances have been made recently in order to avoid this

drawback. In this work, thanks to our collaboration with Patrick Giraudeau

and Estelle Martineau from the Université de Nantes, two techniques are ex-

perimented: the Non-Uniform Sampling (NUS, [Barna and Laue, 1987] [Hoch

et al., 2014]) performed on COSY data, and the use of a single scan COSY

(noted NS1, [Frydman et al., 2002]).

Practically, NUS and NS1 data sources were obtained and tested in the context

of the Paper III inter-laboratory study involving three urine donors (see the

description of the data set in Section 1.5 and full details in Paper III). The

experiment involves three factors of variation: three different donors, two urine

dilution levels and four different days of acquisition. Eight measures are finally

available for each donor. Note that the focus is strictly on the group factor

(i.e. the donors) as it corresponds to the signal we want to capture and explain.

In this regard, urine dilution and days factors can be considered as additional

sources of noise and will not be commented separately in details.

The data were then pre-processed through the GPL (Section 1.2.2.1) and

Vectorization (Section 1.2.2.2) 2D workflows, and MIC measures (Section 1.3.2)

were calculated on them.

If the faster NUS and NS1 acquisition techniques allow to reach similar results

as COSY in Paper III, the acquisition times issue will be solved concerning the

use of 2D NMR data sources, thus opening the door to their potential more

massive use in metabolomics studies. Thereby, in case of conclusive results and

through shorter experimental durations, analyses of larger cohorts of samples

may be considered and facilitated.
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5.2 Introduction to the Non-Uniform Sampling

(NUS) method

The duration of a two-dimensional NMR experiment is both directly propor-

tional to the number of time increments in the indirect dimension t1 (see Section

1.1.3), allowing this dimension to be correctly sampled, and the number of scans

NS which is required to obtain a sufficient signal-to-noise ratio to achieve a

needed accuracy. Therefore, these two parameters must be high enough to get

the desired resolution and accuracy, leading to a significant increase of the total

duration of 2D NMR experiments. Moreover, the experiments become more

sensitive to spectrometer instabilities, which are responsible for the appearance

of noise in the 2D spectra.

Thus, experiments involving a reduced number of time increments t1 and/or a

reduced number of scans NS are the only options to decrease the experimental

duration. In order not to lose too much resolution and sensitivity, a first

solution has been proposed in [Barna and Laue, 1987] to overcome this problem

by introducing the concept of Non-Uniform Sampling (NUS). The principle

of NUS consists in reducing the duration of 2D NMR experiments by only

acquiring a fraction of the time increments t1 in the indirect dimension.

In pratice, the Bruker Topspin1 software randomly creates a sampling scheme

(or a so-called ”NUS List”) which contains the different values of t1 actually

in use during the FID acquisition according to the desired NUS percentage (or

”NUS Amount”).

Fig.5.1(a) presents an example of a sampling scheme containing 24 time in-

crements t1 without using NUS, whereas Fig.5.1(b) shows an example of the

same sampling scheme acquired with a random 50% NUS. A more complex and

global process is shown in Fig.5.2.

Figure 5.1: Examples of sampling schemes used for the acquisition of conven-
tional 2D NMR experiments with t1=24 without NUS (a) and with 50% NUS
(b). The blue dots correspond to the t1 values for which a FID will be acquired
during the experiment, while the white dots represent the t1 values for which
no FID will be recorded (figure provided by Estelle Martineau).

1https://www.bruker.com/products/mr/nmr/nmr-software/nmr-software/topspin/

overview.html

https://www.bruker.com/products/mr/nmr/nmr-software/nmr-software/topspin/overview.html
https://www.bruker.com/products/mr/nmr/nmr-software/nmr-software/topspin/overview.html
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Figure 5.2: A more complex view of examples of sampling schemes used for
the acquisition of conventional 2D NMR experiments with t1=24 without NUS
and with 50% NUS (figure provided by Estelle Martineau).

After data acquisition, the two-dimensional FID thus obtained can not be

directly processed as for a conventional 2D NMR experiment. Indeed, intervals

between two successive values of t1 are not constant anymore due to the random

non-acquisition of some FID (see Fig.5.1(b)).

As a result, the value ”zero” is internally added to each of the missing FIDs.

Then, a final 2D spectrum can be digitally reconstructed through the use of a

non-linear data processing method. This spectral reconstruction is largely per-

formed via the ”Compressed Sensing” (CS, [Kazimierczuk and Orekhov, 2011])

algorithm which has been developed specifically for 2D NMR experiments.

In this context, the use of NUS in 2D NMR experiments can be motivated in

two situations:

• Either the aim is to reduce the duration of experiments because of time

constraints (for instance, too long spectrometers occupation times or

analyses involving a very large cohort of samples). In this case, for a

constant number of scans (NS, compared to conventional experiments),

the percentage of NUS must be chosen in order to decrease the experi-

mental duration without unduly deteriorating the spectral resolution;

• Or the aim is to enhance sensitivity and, therefore, to keep the duration

of a conventional experiment. In this case, for a constant number of time

increments (t1, compared to conventional experiments), the percentage
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of NUS must be selected in order to limit the loss of spectral resolution

while increasing the number of scans (NS) to enhance sensitivity.

The purpose of this project, following the context of Paper III in metabolomics,

aims at demonstrating the applicability of NUS for the analysis of some human

urine samples according to the first goal mentioned above (i.e. reducing the

experimental duration compared to conventional one without unduly deterio-

rating the spectral resolution).

5.3 Data acquisition parameters for the COSY

NS1 and COSY NUS50 data sources

For full details about conventional COSY acquisitions and a description of the

protocol for urine collection, see Paper III (sections 4.3.1 and 4.3.3).

For the particular acquisitions of interest here, all the samples were analyzed

in Nantes on a Bruker Avance-III HD spectrometer operating at a 1H frequency

of 7000.13 MHz, equipped with an inverse 1H/13C/15N/2H cryogenically cooled

probe and a Z gradient coil. Analyses were performed at 298 K.

COSY experiments were performed on each sample. The pulse sequence in-

cludes a water suppression scheme applied during the recovery delay D1 and

the use of a gradient-based coherence selection.

First, samples were analyzed under the whole conventional experimental con-

ditions developed in Paper III (called here ”COSY NS4”, because it involves

four scans). Then, in order to significantly reduce the duration of the experi-

ments, the acquisitions were performed with only a single scan (NS = 1, called

here ”COSY NS1”) instead of four while the other parameters were kept iden-

tically between COSY NS1 and COSY NS4. Here, the sensitivity decreased

but the signal-to-noise ratio remained sufficient to allow subsequent studies.

Finally, Non-Uniform Sampling was applied. In particular, some acquisition

parameters were modified or added compared to COSY NS1:

• The percentage of NUS was set to 50% (the resulting data set being

called ”COSY NUS50”). This value was previously tested on experimen-

tal data in order to obtain a sufficient signal-to-noise ratio with only one

scan (NS = 1) without losing too much resolution. Considering a fixed

number of points t1 (for example equal to 256), experiments without NUS,

with 50% of NUS and with 25% of NUS were thereby tested. Spectra and
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preliminary results based on signal-to-noise ratios are available in Fig.5.3.

The noisy trails in the first dimension are slightly more important in the

25% NUS spectrum (right of Fig.5.3), thus implying lower signal-to-noise

ratios for some signals compared to the other experiments. With 50%

of NUS, the S/N ratio decreases for signals 3 and 4 with respect to the

experiment without NUS and evolves little for the two other signals. This

loss in sensibility remains acceptable considering that the experimental

time was divided by two.

• The number of time increments t1 in the indirect dimension went from

300 to 256. Note that only 128 increments are finally retained with the

50% NUS. These points were selected by generating a Poisson-gap scheme

([Hyberts et al., 2010], [Maciejewski et al., 2011]) which allows to limit the

creation of artefacts and to avoid too large intervals between successive

t1 values.

• The recovery delay was set to 3 s. This value was previously evaluated in

order to have a good compromise between sensitivity and experimental

duration.

Let us remember, from Paper III, that the experimental design involves three

different urine donors, two urine dilution levels and four days of acquisition.

Eight measures are finally available for each donor. A total of 24 COSY NS4,

24 COSY NS1 and 24 COSY NUS50 individual spectra, all acquired in Nantes,

were then collected and taken into consideration for metabolomics purpose.

These spectra were pre-processed according to the data pipeline fully described

in Paper III and in Sections 1.2, 1.3 and 1.4 of this thesis.

5.4 Methods: application of the 2D workflows

(GPL and Vectorization) and of the MIC

on the faster COSY data sources

In order to build global objects which can contain all the information from the

24 individual spectra, the Global Peak List (GPL) and the Vectorization 2D

workflows are performed on the pools of COSY NS4, COSY NS1 and COSY

NUS50 spectra. The GPL workflow is fully detailed in Section 1.2.2.1 and in

Paper III. The Vectorization one is fully described in Section 1.2.2.2 and also

in Paper III.
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Figure 5.3: Preliminary analyses of NUS amounts: experimental COSY spec-
tra acquired with 50% NUS (left) and 25% NUS (right) and corresponding
measured signal-to-noise ratios (from Estelle Martineau).

Once these global objects are built, their quality in terms of informative con-

tent (with respect to their ability to allow to retrieve the main signal, which

correspond to the urine donors and to the y response vector) has to be evaluated

via the Metabolomic Informative Content (MIC) indexes. The MIC concept is

fully detailed in Section 1.3.2 and in Paper I. According to these MIC quality

indexes, all the candidate data sources can then be ranked.

Finally, the best data source(s) can be advantageously selected to perform

biomarker discovery, as described in Section 1.4 and in Papers II and III.

5.5 Results and discussion

Again, the first objective is to blindly retrieve the main signal of the experimen-

tal design which corresponds to the group membership (i.e. the urine donors)

of the samples. PCA and MIC results are successively shown in this section.
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5.5.1 Descriptive PCA results

For descriptive statistics, Fig.5.4 shows PCA results for four cases as input

matrices: log-transformed GPL (with one decimal for the bucketing step and

a ACD/Labs significance threshold of 0.02, see Section 1.2.2.1 for details) and

Vectorization for COSY NS1 data, and GPL (using the same parameters) and

Vectorization for COSY NUS50 data. One can see that these PCA results

generally indicate a good a priori separability between the urine donors.

Figure 5.4: First two PCA factors for GPL and Vectorization of COSY NS1
data (top) and COSY NUS50 data (bottom).

It is also interesting to visualize the effects of the ACD/Labs significance

threshold and of the number of retained decimals during the bucketing step
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on PCA results based on the GPL matrices (Fig.5.5). When the number of

decimal(s) increases and/or the significance threshold increases, the first and

second urine donors tend to become more and more confused.

Figure 5.5: The GPL parameters (the number of decimals for bucketing and
the ACD/Labs significance threshold) effects on PCA results (illustrated on
the COSY NS1 spectral data).

Consequently, GPL using large buckets (with one decimal) and a conservative

significance threshold should be favored to keep a sufficient amount of infor-

mation according to the signal. This will be confirmed via the use of the MIC

indexes in Section 5.5.2.



202
Chapter 5. Contributions of faster 2D COSY acquisition experiments to

metabolomics: the Non-Uniform Sampling (NUS) and the single scan COSY (NS1)

5.5.2 MIC results

In this section, the MIC results obtained with conventional COSY spectra

presented in Paper III are supplemented by new MIC results on the COSY

NS1 and COSY NUS50 spectral data sources detailed in Sections 5.2 and 5.3.

All these results are shown in Table 5.1. Note that all GPL matrices are log-

transformed before MIC calculations.
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One can see in Table 5.1 that the entire results are very close between the

two faster COSY experiments and the conventional one. Indeed, GPL matrices

with larger buckets (with 1 or 2 decimal(s) for the coordinates during the soft

bucketing step) allow to reach perfect clustering results in almost all the cases,

with Rand and adjusted-Rand indexes equal to 1. Matrices obtained via the

2D Vectorization workflow provide quite similar clustering performances and

are also characterized by particularly good inertia measures (in bold in Table

5.1).

Thus, COSY NS1 and COSY NUS50 pools of spectra are very comparable

with conventional COSY spectra in terms of Metabolomic Informative Content

(MIC). No significant loss of information about the signal is observed when

using faster acquisition methods for 2D COSY spectra.

Note that COSY NS1 and COSY NUS50 also allow to consider GPL matrices

of smaller sizes (last columns of Table 5.1).

5.6 Conclusions

It has been proved in Paper I and III and during this thesis that 2D COSY

spectra allow to capture a better level of Metabolomic Informative Content

compared to the traditional use of 1D 1H-NMR spectra. A more massive use

of COSY in metabolomics (or -omics in general) studies is nevertheless slowed

down by important and often non-acceptable acquisition times to handle a

whole experimental multi-factors design.

However, these COSY acquisition times can be significantly reduced by im-

posing a smaller number of scans (NS) during the COSY experiment and/or by

considering Non-Uniform Sampling (NUS) techniques which allow to consider

a smaller number of time increments t1.

In this draft, COSY NS1 spectra, using a single scan (NS = 1), and COSY

NUS50 spectra, involving a desired NUS percentage of 50% with a single scan,

are tested and compared with conventional COSY NS4 spectra in order to

retrieve different urine donors (the signal) in a multi-factor design (described

in Paper III).

It is demonstrated in Table 5.1 that the two faster COSY acquisition tech-

niques provide very similar MIC results than the initial COSY. Thus, the

proved advantage of the COSY data source over the 1D 1H-NMR one is still

verified. Consequently, using techniques like the single scan or the Non-Uniform

Sampling can really open the door to a potential more massive use of 2D COSY
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spectra in metabolomics studies and can facilitate the analyses of larger cohorts

of samples.

To go further, other values can be tested for the NUS percentage amount in

order to be more accurate. NUS would also be tested along with other values

for the number of scans (NS > 1). Other values for the significance threshold

in the GPL workflow, maybe more adapted to the faster acquisition methods,

could also be tested in order to avoid the loss of potentially important cross

peaks.
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CONCLUSIONS

The starting point and the motivation of this thesis were based on a fact and

on a very crucial intuition.

The fact is that a large majority of NMR-based metabolomics studies actually

depend on 1D 1H-NMR spectral data. These data are well-known and their pre-

processing, which can rapidly and heavily become complex (see Section 1.2.1),

is more and more sharp and well-mastered with best practices at different levels.

As well as 1H-NMR data, 2D NMR experiments exist for many years. The-

oretically, these experiments (and in particular COSY which is considered in

this thesis, see Section 1.1.3) can supply more information as they get around

the 1D overlapping and multiplicity of peaks problems via the occurence of 2D

cross peaks (Section 1.1.2). Indeed, COSY spectra can avoid the superimposing

of 1D peaks for a same molecule or for different correlated molecules.

Currently, the COSY data source is not widely used in metabolomics: there

is no full automatic handling, no best practices for pre-processing, no adapted

statistical modelling or tools and prohibitive acquisition times remain an im-

portant limitation.

In this context, our starting intuitive point assume that 2D spectra need a

less advanced pre-processing level to express at least as much information as

corresponding 1D ones. In other words, this places trust in the fundamental

relevance and quality of the additional informative content inherent in the 2D

spectral data sources.

Practically, and as a result, some particular pre-processing steps (such as

baseline correction or warping), so crucial and complex when applied on 1H-

207
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NMR spectra, could be more easily and quickly by-passed when using 2D data

sources.

In this thesis, three main contributions are proposed in order to provide a

full process for using 2D COSY spectra in metabolomics studies. Note that

every contribution can be generalized and extended to any 2D data source (see

Section 1.1.3) having a similar pattern.

First, two pre-processing worflows are presented to handle individual 2D spec-

tra and to create a global object which contains all the relevant information of

a whole experimental design: the GPL (Global Peak List, Section 1.2.2.1)

and the Vectorization (Section 1.2.2.2) workflows. Indeed, a considered

experimental design can involve one or several factor(s) of interest, different

days of measurement, time replicates, among others. According to these fac-

tors, a potentially huge number of individual samples can be treated, thus

resulting in a potentially huge number of individual spectra. For statistical

analyses and multivariate modelling, all these spectra have to be merged into

such a global object (i.e. a global data matrix).

The GPL workflow provides a global matrix for which the dimensionality is

partially controlled and allows dimension reduction by considering detectable

peaks only (according to a devoted threshold). For its part, the Vectorization

workflow provides a global matrix with a fully controlled dimensionality and

takes into account all the initial information (because, like in 1D, there is no

peak integration before bucketing).

Once GPL or Vectorization matrices are built, potentially using different data

sources (1D NMR, 2D NMR, ...) and/or different tuning pre-processing param-

eters, the quality of all the available data sets has to be assessed and ranked.

For that purpose, the process proposed in this thesis is based on data sets

organized into groups of subjects, on which signal/noise studies can be per-

formed. Indeed, a proper group factor (linked with the presence of different

urine donors, with different blood donors or with different doses of spiked prod-

ucts according to the encountered case studies (see Section 1.5)) has to be taken

into particular consideration in the experimental design in order to discrimi-

nate groups of samples. Practically, this group factor is always considered as

the main signal of the design, all the other factors being considered as noise

factors.

Considering this particular signal, the novel Metabolomic Informative

Content (MIC, see Section 1.3.2) concept is proposed. It gathers a pool of

objective indexes to evaluate in what extent a specific data source allows to
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retrieve and to discriminate the signal, in spite of the existence of numerous

potential sources of noise (instrumental issues, experimental conditions, repli-

cates, freezing/defrosting of samples, bacterial degradation of samples, etc...).

Naturally, the presence of groups in the data leads to the use of unsupervised

multivariate clustering algorithms and the MIC indexes finally evaluate both

the homogeneity of the obtained clusters (inertia, Dunn and Davies-Bouldin in-

dexes) and their accuracy compared with the true groups (Rand and adjusted

Rand indexes).

Calculating MIC indexes for different data sources (1D, 2D, from GPL or

Vectorization, ...) finally allows to rank these latter: some data sources contain

a better Metabolomic Informative Content than others. Indeed, MIC indexes

(or ASCA/APCA/ICA related methodologies, see Sections 1.3.3 and 1.3.4)

ideally lead to the emphasis of a ”best” data source, which allows to capture

the signal (i.e. to discrimine the groups) in the best possible way.

This data source can then be chosen to advantageously perform further statis-

tical studies to discover relevant biomarkers and to make further predictions.

For the biomarker discovery issue itself, PLS-based techniques have been ex-

plored in Sections 1.4.2 to 1.4.4, implying the notion of orthogonality (OPLS) or

of sparsity (sPLS). The general use of penalty terms to obtain sparse solutions

is developed in Section 1.4.4.1. If one wants to keep the OPLS interpretability

advantages which consist of a withdrawal of the y-orthogonal effects relative to

the data matrix X, and if one also wants to propose sparse results and lighter

final models, a natural enhancement is to explore the possible combinations of

OPLS and sPLS.

To this end, the third innovative proposal of this thesis consists in the develop-

ment of the so-called ”Light-Sparse-OPLS” (L-sOPLS) model. L-sOPLS

consists in following the OPLS process until the construction and the recovery

of a deflated Xd data matrix (matrix which is deflated by the y-orthogonal

variations) and in applying in a second stage the sPLS algorithm using Xd

as input. The best L-sOPLS model is obtained by optimizing, via successive

cross-validated minimizations of the RMSEP criterion, the number of orthog-

onal component(s) qortho in a first step and the couple (qpred, λ1) formed by

the number of predicted component(s) and the penalty term in a second step.

In this context, and using all these novel contributions, it has been shown in

this thesis that:

• the GPL and Vectorization workflows are fully operational and allow to

efficiently combine several individual 2D spectra (one per sample) into

accurate global matrices. COSY spectra are considered in this thesis but
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these two workflows can be applied on any 2D data sources having a

similar pattern;

• by integrating only detectable peaks and proposing an inner soft buck-

eting step, the GPL workflow allows to consider final matrices of re-

duced dimensions. It is demonstrated on several data sets that MIC

indexes provide better informative content and separability when using

log-transformed 2D GPL scenarii involving small matrices (with one or

two decimals for the coordinates);

• the novel MIC solution offers tools to compare the quality of spectral

data matrices according to a particular group factor (i.e. the signal) to

retrieve. For this purpose, no systematic solution existed before for 2D

data diagnostic in a metabolomics context.

• 2D COSY spectra appear to be statistically robust and contain informa-

tive signal which helps to succeed in distinguishing groups of different

spectra. So, COSY spectra are enough informative so that the signal

connected to the initial groups can be well distinguished from the noise;

• working on binary positions (absence/presence of 2D peaks in a spectra)

gives satisfactory results but not better ones than working on normal-

ized intensities. However, according to the context and to the research

objectives, it can be a very acceptable alternative;

• compared to the widely used 1D 1H-NMR spectra, 2D COSY spectra, via

their second dimension and correlation cross peaks, does provide addi-

tional relevant information to improve the clustering results, the amount

of captured signal and, consequently, the MIC performances. Our start-

ing intuition is then consolidated: 2D spectra actually need a less ad-

vanced pre-processing level to express at least as much information as

corresponding 1D ones;

• when finally searching for relevant biomarkers, our L-sOPLS algorithm al-

lows to provide sparse, orthogonal, cross-validated and more interpretable

models. Sparsity, even very severe, goes hand in hand with better pre-

dictive ability when using L-sOPLS instead of non-sparse PLS or OPLS,

or instead of sPLS;

• the application of L-sOPLS on 2D COSY data sources (pre-processed

via GPL or Vectorization) allows to highlight the relevant molecules’ fin-

gerprints without any equivocation via non-diagonal biomarkers (corre-

sponding to cross peaks), even if preliminary separability MIC and/or



CONCLUSIONS 211

PCA results are not optimistic. These cross peaks biomarkers would

then totally confirm and reinforce 1D results;

• the existence of prohibitive acquisition times for COSY spectra, compared

to 1D ones, could not be any more an issue by using faster acquisition

techniques as the Non-Uniform Sampling (NUS) or the single scan (NS1).

Indeed, these two techniques were submitted to MIC analyses and per-

formed in a similar way than the conventional COSY one (see Chapter

5).

Among all these conclusions, which largely promote a more massive use of 2D

spectra in metabolomics, some enhancements and perspectives can be men-

tioned.

For instance, the notion of sparsity can be approached and considered earlier in

the process, by potentially trying sparse hierarchical clustering tools ([Witten

and Tibshirani, 2010]) or sparse-PCA ([Witten et al., 2009], [Jolliffe et al.,

2003]).

On the other hand, cross-validation choices can be more deeply assessed and

controlled when obtaining optimal parameters for the PLS, OPLS, sPLS and L-

sOPLS algorithms. In this thesis, a LOO cross-validation scheme was preferred

for minimizing the RMSEP criterion.

A first work would be to check if similar results are obtained if a K-fold

cross-validation scheme is implemented instead or if external test sets become

available.

Also, it is known that feature selection via cross-validation in very high di-

mensionalities can imply potential new variabilities in the selected items. In

this context, stability selection would be a very interesting and rich perspective

of enhancement ([Meinshausen and Buhlmann, 2010], [Ye et al., 2012], [Shah

and Samworth, 2013]).

More generally, one can considers to apply the whole workflow (GPL-MIC-

biomarker discovery) on multi-table or multi-omics analyses, which directly

and simultaneously combine different data sources ([Meng et al., 2016], [Hasin

et al., 2017], [Akter et al., 2017]). For instance, a multi-table object would mix

1D and 2D data sources, or NMR and Mass data sources, etc... And a multi-

omics object would mix metabolomics databases with metadata, genomics,

proteomics (among others) ones.

Then, a further interesting work would consist in more deeply investigate the

predictive performances of the L-sOPLS algorithm (binary predictions, false
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positives/negatives, ROC curves, ...) and compare them to standard PLS or

OPLS predictions. Then, it would probably emphasize even more a question of

compromise between ”perfect” predictions and interpretable sparse predictions.

Finally, another further possible work would be to keep addressing the cor-

relation or colinearity in the data that very often characterizes metabolomics

spectral databases. The use of 2D COSY spectra instead of 1H-NMR already

improves this issue but several signals could still overlap, move together and/or

be associated to a same molecule when considering very complex media.

So, an idea would be to take into account groups of features instead of indi-

vidual features as inputs of the sparse algorithms. Methods like Group Lasso

([Yuan and Lin, 2007], [Friedman et al., 2010]), Sparse-Group Lasso ([Vincent

and Hansen, 2014], [Rao et al., 2016]) or Overlay-Group Lasso ([Friedman et

al., 2010]) could be tested in this context.

More directly applicable in the line of this thesis, Group-PLS and Sparse-

Group PLS also exist in recent literature ([Liquet et al., 2015], [de Micheaux

et al., 2017]) and could be advantageous.
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