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Résumé: L’analyse des composés organiques volatils(COVs) dans l’air expiré est une méthode non invasiveprometteuse en médecine pour le diagnostic précoce,le phénotypage, le suivi de la maladie et du traite-ment et le dépistage à grande échelle. La spectrométriede masse à temps de vol par réaction de transfert deprotons (PTR-TOF-MS) présente un intérêt majeur pourl’analyse en temps réel des COVs et la découverte denouveaux biomarqueurs. Le manque de méthodes etd’outils logiciels pour le traitement des données PTR-TOF-MS provenant de cohortes représente actuellement unverrou pour le développement de ces approches.Nous avons ainsi développé une suite d’algorithmespermettant le traitement des données brutes jusqu’autableau des intensités des molécules détectées, grâce àla détection des expirations et des pics dans les spec-tres de masse, la quantification dans la dimension tem-porelle, l’alignement entre les échantillons et l’imputationdes valeurs manquantes. Nous avons notamment misau point un modèle innovant de déconvolution des picsen 2 dimensions reposant sur une régression du signalpar splines pénalisées, ainsi qu’une méthode permettantde sélectionner spécifiquement les COVs dans l’air expiré.L’ensemble du processus est implémenté dans le paquetR/Bioconductor ptairMS, disponible en ligne. Nous avonsvalidé notre approche à la fois sur des données expéri-

mentales (mélange de COVs à des concentrations stan-dardisées) et par simulation. Les résultats montrent quel’identification des COVs provenant de l’air expiré à partirdu modèle proposé atteint une sensibilité de 99 ‘%. Uneinterface graphique a également été développée pour fa-ciliter l’analyse des données et l’interprétation des résul-tats par les expérimentateurs (les cliniciens notamment).Nous avons appliqué notre méthodologie à la caractéri-sation de l’air expiré d’adultes sous ventilationmécaniqueatteints de l’infectionCOVID-19. Les analyses de l’air expiréde 40 patients atteints d’un syndrome de détresse respi-ratoire aiguë (SDRA) ont été effectuées quotidiennement,de l’entrée à la sortie de l’hôpital. Nous avons d’abordréalisé un modèle de classification pour prédire le statutde l’infection, en utilisant l’acquisition disponible la plusproche de l’admission à l’hôpital. Ce modèle permet deprédire le statut de l’infection avec une précision de 93%.Ensuite, nous avons utilisé toutes les données disponiblespour une analyse longitudinale de l’évolution des COVsen fonction de la durée de l’hospitalisation, en utilisantun modèle à effets mixtes. Après sélection de variables,quatre biomarqueurs de l’infection par le COVID-19 ontpu être identifiés. Ces résultats soulignent la valeur desdonnées PTR-TOF-MS et du logiciel ptairMS pour la décou-verte de biomarqueurs dans l’air expiré.
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Abstract: The analysis of Volatile Organic Compounds(VOCs) in exhaled breath is a promising non-invasive ap-proach in medicine for early diagnosis, phenotyping, dis-ease and treatmentmonitoring and large-scale screening.Proton Transfer Reaction Time-Of-Flight Mass Spectrom-etry (PTR-TOF-MS) is of major interest for the real timeanalysis of VOCs and the discovery of new biomarkers inthe clinics. However, there is currently a lack of methodsand software tools for the processing of PTR-TOF-MS datafrom cohorts.We therefore developed a suite of algorithms that pro-cess raw data from the patient acquisitions, and buildthe table of feature intensities, through expiration andpeak detection, quantification, alignment between sam-ples, and missing value imputation. Notably, we devel-oped an innovative 2D peak deconvolution model basedon penalized splines signal regression, and a method tospecifically select the VOCs from exhaled breath. The fullworkflow is implemented in the freely available ptairMSR/Bioconductor package. Our approach was validatedboth on experimental data (mixture of VOCs at standard-ized concentrations) and simulations, which showed that

the sensitivity for the identification of VOCs from exhaledbreath reached 99%. A graphical interfacewas also devel-oped to facilitate data analysis and result interpretationby experimenters (e.g., clinicians).We applied our methodology to the characterization ofexhaled breath from mechanically ventilated adults withCOVID-19 infection. Analysis of exhaled breath from28 pa-tients with an acute respiratory distress syndrome (ARDS)andCOVID-19 infection, and 12 patientswith non-COVID-19ARDS were performed daily from the hospital admissionto the discharge. First, classification models were built topredict the status of the infection, using the closest avail-able acquisition to the entry into hospital, and achievedhigh prediction accuracies (93 %). Then, all the avail-able data acquired during the hospital stay were used forthe longitudinal analysis of the VOCs evolution as a func-tion of the hospitalization timebymixed-effectsmodeling.Following feature ranking and selection, four biomarkersof COVID-19 infection were identified. Altogether, theseresults highlight the value of the PTR-TOF-MS data andthe ptairMS software for biomarker discovery in exhaledbreath.
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Preface

Using exhaled breath in the clinics as a tool for diagnosis, diseasemonitoring or therapeu-
tic drug monitoring is very attractive, as sampling is easy and non-invasive and since the
analysis can be performed in real-time at the point-of-care. The olfactory signature of ill-
ness is also supported by studies using trained dogs, able to detect specific diseases from
the patient’s exhaled breath, and therefore urges for technological approaches which
would be be more reproducible and comprehensive. The Exhalomics® platform from
the Hôpital Foch (Suresnes,France) is equipped with a Proton Transfer Reaction Time Of
Flight Mass Spectrometer (PTR-TOF-MS) used in clinical research for on-line analysis of
exhaled breath. In a close collaboration between the CEA LIST and the Exhalomics team,
this thesis aims to provide innovative mathematical methods and bioinformatic tools for
biomarker discovery in exhaled breath. The first part of the work was dedicated to the de-
velopment of algorithms and software tools for the pre-processing of raw data provided
by the instrument, whereas the second part focused on the longitudinal analysis of these
data from clinical trials conducted at the Hôpital Foch. This thesis was founded by the
Agence Nationale de la Recherche (SoftwAiR project, ANR-18-CE45-0017).
At the beginning of the second year of this research (December 2019), the severe acute

respiratory syndrome coronavirus 2 (SARS-CoV-2) appeared, affecting the whole world.
The developed method for data pre-processing was ready, and gave us the opportunity
to apply our methodology to the analysis of exhaled breath from patients suffering from
severe COVID-19 infection. Our longitudinal analysis and machine learning approaches
led to the identification of a breath signature of the infection (which has been patented),
and to a first publication (Grassin-Delyle et al., 2021). Then, our pre-processing workflow
and corresponding ptairMS R/Bioconductor package were published (Roquencourt et al.,
2022).
This manuscript contains three parts: first the introduction (Part I, chapters 1-3), includ-

ing all the necessary elements for the understanding of the context, the challenges and
the mathematical methods used; then our detailed contributions (Part II), with the devel-
opment and validation of the pre-processing workflow for PTR-TOF-MS data from exhaled
breath (chapters 4-5) and its application to biomarker discovery of COVID-19 infection in
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intubated, mechanically ventilated patients (chapter 6); and finally the conclusion and
perspectives (Part III). The two articles are shown in appendix B.

Notation

Bold-face, lower-case letters refer to vectors x; italic lower-case letters refer to vector
elements xi or scalars a. Bold-face, capital letters refer to matrices X , and special front
param to software parameters.
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Résumé

La ’volatolomique’, analyse globale des composés organiques volatils (COV) dans l’air ex-
piré, est une approche prometteuse pour la médecine personnalisée. En effet, l’air que
nous expirons est composé à 1%de ces COVs, qui proviennent directement dumétabolisme.
Des signatures volatolomiques caractéristiques de maladies (biomarqueurs) pourraient
donc être identifiées dans l’air expiré. De récents travaux ont ainsi mis en avant l’étude
des COVs pour la détection de plusieurs pathologies, dont le cancer, l’asthme, la cirrhose,
ou la mucoviscidose (Einoch Amor et al., 2019; Pereira et al., 2015; Feil et al., 2021; Guirao
et al., 2019).
L’avantagemajeur de la volatolomique par rapport aux examens biologiques classiques

est que le prélèvement est complètement non-invasif, simple et rapide. De plus, certains
instruments permettent une analyse en temps réel de l’air expiré, tel que la spectrométrie
de masse par réaction de transfert de protons (PTR-TOF-MS, Jordan et al. 2009). L’analyse
se fait par introduction directe, l’ionisation des COVs a lieu en temps réel, par transfert
d’un proton à partir d’un ion primaire (généralement H3O+). Les ions ainsi formés (COV
+ H+) sont ensuite analysés par un spectromètre de masse à temps de vol.
Le traitement des données brutes issues des instruments PTR-TOF-MS représente un

enjeu majeur pour la recherche de biomarqueurs dans l’air expiré. Les principaux dé-
fis sont la détection et la déconvolution des pics dans la dimension de masse, ainsi que
l’estimation de leurs intensités tout au long de l’acquisition (dans l’échelle temporelle), afin
d’identifier les molécules provenant uniquement de l’air expiré. Au démarrage de cette
thèse, deux logiciels existaient pour le traitement des données PTR-TOF-MS (Holzinger,
2015;Müller et al., 2013), dont l’un seulement était en libre accès. Ces logiciels sont générale-
ment utilisés pour l’analyse de l’air atmosphérique, et se focalisent sur la détection des
pics dans la dimension de masse. Ils ne prennent pas en compte les expirations pour fil-
trer les variables provenant explicitement de l’air expiré, et ne sont pas adaptés à l’analyse
de cohortes (e.g. traitement des fichiers en parallèle).
Nous avons ainsi développé une suite d’algorithmes permettant le traitement des don-

nées brutes jusqu’au tableau des intensités des molécules détectées, grâce à la détec-
tion des expirations et des pics dans les spectres de masse, la quantification dans la di-
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mension temporelle, l’alignement entre les échantillons et l’imputation des valeurs man-
quantes (Roquencourt et al., 2022). Nous avons notamment mis au point un modèle in-
novant de déconvolution des pics en 2 dimensions reposant sur une régression du sig-
nal par splines pénalisées, ainsi qu’une méthode permettant de sélectionner spécifique-
ment les COVs dans l’air expiré. L’ensemble du traitement est implémenté dans le paquet
R/Bioconductor ptairMS, disponible en ligne. Une interface graphique a également été
développée pour faciliter l’analyse des données et l’interprétation des résultats par les
expérimentateurs (les cliniciens notamment).
Nous avons d’abord validé notre approche sur des données expérimentales (mélange

de COVs à des concentrations standardisées). Après traitement des fichiers par ptairMS,
tous les composés attendus ont été détectés, ainsi que leurs isotopes, avec une erreur en
masse inférieure à 20 ppm, et une erreur de quantification inférieure à 8%.
Afin de comparer les performances de ptairMS aux deux logiciels existants, nous avons

développé un algorithme de simulation de données PTR-TOF-MS issus de l’air expiré,
disponible en ligne dans le paquet R ptairData. ptairMS a obtenu lameilleure précision de
détection des pics parmi les trois logiciels (99.99%). L’erreur absoluemoyenne (MAPE) en-
tre l’évolution temporelle estimée et l’entrée de la simulation est de 4,96% pour ptairMS,
contre 14,65% et 5,38% pour les deux autres logiciels. Enfin, nous avons comparé la ca-
pacité à discriminer les composés spécifiques de l’air expiré, en utilisant deux t-tests uni-
latéraux comparant les intensités entre les phases d’expiration et d’air ambiant. ptairMS
s’est avéré capable de détecter l’origine des VOCs avec une précision de 99%.
Nous avons ensuite appliqué notre méthodologie à la caractérisation de l’air expiré

d’adultes sous ventilationmécanique atteints de l’infection COVID-19. Les analyses de l’air
expiré de 40 patients atteints d’un syndromede détresse respiratoire aiguë (SDRA) ont été
effectuées quotidiennement, de l’entrée à la sortie de l’hôpital. Nous avons d’abord réal-
isé unmodèle de classification pour prédire le statut de l’infection, en utilisant l’acquisition
disponible la plus proche de l’admission à l’hôpital. Ce modèle permet de prédire le
statut de l’infection avec une précision de 93%. Ensuite, nous avons utilisé toutes les
données disponibles pour une analyse longitudinale de l’évolution des COVs en fonction
de la durée de l’hospitalisation, en utilisant un modèle à effets mixtes. Après sélection
de variables, quatre biomarqueurs de l’infection par le COVID-19 ont pu être identifiés
(Grassin-Delyle et al., 2021).
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Chapter 1

Context

1.1 Biomarker discorvery in exhaled breath

1.1.1 Metabolomic biomarkers

Metabolomics is the study of chemical processes involving small molecule (metabolites,
with a molecular weight <1,500 Dalton (Da) ) that are intermediates and products of life-
sustaining chemical reactions in organisms (Oliver et al., 1998). These metabolites, which
are the end products of regulatory processes in the organism (Figure 1.1), are important
indicators of physiological or pathological states (Wishart, 2019). Targetedmetabolomics
refers to the (usually absolute) quantification of knownmetabolites in a biological sample
(saliva, urina, blood; Roberts et al. 2012). In contrast, untargeted metabolomics aims
at detecting and providing a (usually relative) quantification of all metabolites present in
the sample. Since the majority of the detected compounds are not known a priori in an
untargeted metabolomics experiment, additional experiments are usually required for
the structural characterisation and identification of the compounds of interest (e.g. those
highlighted by the statistical analysis).
Biomakers are indicators of a specific biological state, particularly one relevant to the

risk of the contraction, the presence or the stage of a disease, or the response to thera-
peutics (Rifai et al., 2006; Johnson et al., 2016). The full validation of a biomarker usually
involves three mains steps:

• Discovery: Using an untargetedmetabolomics approach, samples from a cohort of
patients are collected and analysed. Thanks to statistical learning methods, candi-
datemetabolites providing classificationmodelswith a high prediction performance
(e.g. for diagnosis, prognosis, or response to treatment are then identified) are de-
tected.
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• Identification: Chemical identification of the selected metabolites is then neces-
sary for further clinical validation, through both computational (e.g., matching with
in-house or public databases), and additional experimental approaches (e.g. tan-
dem mass spectrometry).

• Validation: The key step to confirm or refute the candidates metabolites utility in
clinical diagnostics is their validation with a second, usually larger, independent co-
hort.

Figure 1.1: Metabolomics among the main omics approaches

1.1.2 Volatolomics: analysis of exhaled breath for personalised medicine

Volatolomics is the analysis of Volatile Organic Compounds (VOCs), which can be found
in several human matrices such as saliva, urine, skin, blood, and exhaled breath (Amann
et al., 2014). More specially, breathomics (breath-based metabolomics) focuses on the
capture, identification, and quantification of VOCs in human breath, and their use as
tools in medicine (Rattray et al., 2014). Over the past few years, a thousand of individ-
ual VOCs have been detected and identified in the human body (Drabińska et al., 2021;
de Lacy Costello et al., 2014; Kuo et al., 2020). VOCs may be directly derived from pul-
monary metabolism (and thus reflect the metabolic state of the lungs), but they may also
be derived from all other organs by being transported through the bloodstream to the
lungs, and then into the exhaled breath (Figure 1.2).
Recently, many studies have highlighted the potential of VOC analysis from exhaled

breath for early diagnosis and phenotyping of several diseases, such as lung diseases
(asthma, cancer, acute respiratory distress syndrome ), cardiovascular diseases, cancer
(breast, ovarian and liver; Einoch Amor et al. 2019; Pereira et al. 2015), therapeutic drug
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was developed by Lavoisier during the time of the French
revolution when he described breath as a chemical reaction of
respirable air (O2) producing acid forming fixed air (CO2).

7 In
1971 Linus Pauling analyzed frozen breath with gas chromatog-
raphy and could differentiate more than 250 volatile features.8

Today he is considered the father of modern breath analysis. Gas
chromatography coupled to mass spectrometry in turn allowed
much higher selectivity and compound identification. It is
currently the most frequently used breath analysis method.
However, it is limited because it is an off-line method, which can
lead to sample loss and degradation during storage and
transport.9

The three main mass spectrometry methods for on-line
analysis of volatile organic compounds and later breath analysis
are SIFT-MS and PTR-MS andmore recently SESI-MS (section
2). The coupling with state-of-the-art high-resolution mass
spectrometers opened up new possibilities with a much higher
number of several thousand detected features and the capability
for unknown identification.10

Portable breath analyzers are also considered important; this
challenge has mainly been addressed by chemical sensors.
However, sensors can currently only detect a very limited
number of compounds in simple gas mixtures (section 2.5).
Only a limited number of breath analysis tests are currently

used in patients and recognized by international guidelines.
These include the ethanol breath test,11 the nitric oxide breath
test developed by Gustafsson et al.12 for the monitoring of
asthma,13 the hydrogen breath test to diagnose small intestinal
bacterial overgrowth,14 and the urea breath test for Helicobacter
pylori infection.15 At present, there is not a single exhaled breath
test that is capable of diagnosing a disease as a stand-alone test.
1.2. Volatile Organic Compounds and the Respiratory
System

The human respiratory system emits a vast number of volatile
organic compounds (VOCs) of different origin (see Figure 1).
VOCs can either be endogenous, i.e., they arise from the
respiratory tract or they are of systemic origin after passing the
blood−air barrier, or VOCs can be of exogenous origin, in which

case they originate from the environment and are inhaled and
exhaled without alteration. Whether VOCs from the gastro-
intestinal tract (e.g., limonene), which often origin from
symbiotic bacteria, are considered exogeneous or endogenous
is currently a matter of debate. The exogenous VOCs from the
environment in exhaled breath outnumber the endogenous ones
by far;16 however, the small number of endogenous VOCs
including the ones from the gastrointestinal tract are of high
interest in the field of medicine.
The pulmonary alveolus represents the smallest unit of the

respiratory tract where molecules pass the blood−air barrier (35
to 200 nm thick) via diffusion.17 Estimations of the total area
surface of alveoli range from 75 to 150 m2. Currently, on-line
breath analysis is capable of detecting >500 VOCs in exhaled
breath, with different origins.16

Recently, the identification and quantification of airway and
systemic biomarkers have been of particular interest, to gain
insight into airway physiology and human metabolism in a
noninvasive fashion.18 Typically, the end-tidal phase of an
exhalation is analyzed when the flow reaches a plateau with
VOCs at their high concentrations. While VOCs from the
airways are constantly emitted, a wide range of factors contribute
to the ability of a VOC to reach a phase equilibrium on both
sides of the blood−air barrier: polarity, solubility in fat, Henry’s
partition constant, and volatility, to list the important ones. It is
therefore understandable that different classes of molecules in
the blood (e.g., hydrophilic molecules) display a unique
diffusion pattern when it comes to crossing the blood−air
barrier.19,20 Furthermore, the concentrations of the exhaled
VOC in the environment should be taken into account (i.e.,
ambient air). Under ideal conditions, the concentration of
certain VOCs (e.g., acetone, acetonitrile or plasma free amino
acids) is directly proportional to their respective concentration
in blood or urine.21−23 Smoking behavior, age, body-mass-index,
and biological sex can affect the concentration of certain exhaled
breath components by a cumulative factor of up to 10.24,25While
there is a guideline from the American Thoracic Society/
European Respiratory Society Task Force on methodological
issues regarding exhaled breath condensate collection,26 there
are no recommendations or guidelines for exhaled breath
analysis yet. However, the standardization focus group chaired
by J. Beauchamp and W. Miekisch of the International
Association for Breath Research (IABR) is working on
developing guidelines for this purpose.

1.3. Reported Volatile Organic Compounds Detected by
On-Line Breath Analysis

In 2014, de Lacy Costello et al. reviewed volatiles detected in
exhaled breath.16 They reported 872 VOCs in breath, among
them alkanes, alkenes, alkynes, benzyl, and phenyl hydro-
carbons, alcohols, ethers, aldehydes, acids, esters, ketones,
nitrogen containing volatiles, sulfur-containing volatiles, and
halogen-containing volatiles. However, only a small subgroup of
them has also been monitored on-line. Most of the reported
compounds were detected off-line, by GC-MS, and often sample
preconcentration steps such as thermal desorption tubes or
Solid-Phase Microextraction (SPME) were required.9 In this
review, we focus on on-line monitoring of molecules in exhaled
breath. Based on a literature search, we have compiled a table of
the compounds and compound classes which have been
reported in breath by on-line analysis of exhaled breath. The
analytical methods, level of identification, and literature
references are listed for each compound (Supporting

Figure 1. Pathway of exhaled molecules in the human body. A small
proportion of exhaled molecules originate from the airways, gastro-
intestinal tract, and the organism (i.e., systemic molecules passing the
blood−air barrier in the lungs). Themajority of molecules in exhaled air
is of environmental origin. Due to the maximal relative humidity and
body temperature of 37 °C, the MS-analysis of exhaled breath may only
be compared to a limited extend.

Chemical Reviews Review

DOI: 10.1021/acs.chemrev.9b00005
Chem. Rev. 2019, 119, 10803−10828

10805

Figure 1.2: Pathways of exhaled molecules in the human body (Bruderer et al., 2019). En-dogenous VOCs are excreted through the red and blue pathways.

monitoring (Chen et al., 2021; Boots et al., 2015), and infectious diseases, as tuberculosis,
bacterial colonisation of the airways (Koo et al., 2014; Nakhleh et al., 2014; Suarez-Cuartin
et al., 2018), ventilator-associated pneumonia in intensive care patients (Schnabel et al.,
2015; Bos et al., 2014a), or viral infections (Traxler et al., 2018). In the infectious diseases
context, the detected "breathprint" is a mixture of metabolites from microbial origin (i.e.
direct biomarkers of the presence of pathogens), and metabolites generated by the host
in response to the infection. The existence of the olfactory fingerprints is corroborated by
works with dogs, showing the remarkable ability of canine olfaction to identify patients
with specific cancer or infectious diseases based on the sniffingof exhaled breath or sweat
samples (Feil et al. 2021; Guirao et al. 2019; Vesga et al. 2021; ten Hagen et al. 2021; see also
the KDOG project from the Curie Institute).
Breath analysis offers several advantages, the most important being its non-invasive

nature and the simplicity of collection, in contrast to biopsy or nasopharyngeal swabs,
the current gold standard for the diagnosis of cancer and COVID-19 respectively, which
are highly invasive and not risk free. Secondly, recent analytical technologies enable real
time analysis and sample collection at the point of care, which is a major asset for large
populating screening and personalised (or precision) medicine (which refers to the tai-
loring ofmedical treatments to the individual characteristics of each patient; Devillier et al.
2017; Martinez-Lozano Sinues et al. 2013). Finally, breath is available in nearly unlimited
quantities.
While the discovery of VOC biomarkers is a very promising approach, their detection

and identification remain challenging. First, VOCs present in the exhaled breath may be
either endogenous (internal metabolic production), or exogenous (current or previous
environmental exposures), as illustrated on Figure 1.2, where the exogenous VOCs out-
number the endogenous ones (de Lacy Costello et al., 2014). Second, measurement of
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proceeds along the drift tube. The drift tube is typically operated
at E/N of 190 Td, where E is the electric field across the drift
tube and N is the gas number density. Figure 2 shows the
percentage contribution of H3O+‚(H2O)1-2 clusters to the total ion
counts with varying values of E/N; at the operating field strength
of 190 Td, the cluster formation is relatively minor. Further
experiments have demonstrated that at an operating field strength
of 190 Td cluster formation is relatively insensitive to sample
humidity.

The gas exits the drift tube via a 200-µm orifice in a stainless
steel plate and enters a short differentially pumped chamber (not
shown in Figure 1) before passing through a second (3 mm)
orifice into the transfer ion optics and pulsed extraction unit of
the TOF-MS. Using a Faraday cup arrangement, the ion current
has been measured to be ∼500 pA or 3 × 109 ions s-1. This ion
current is comparable to that obtained by Hanson et al.,5

demonstrating that the two ion sources have comparable perfor-
mance. The ion-transfer optics consist of a three-element Einzel

lens, which focuses the ions into a narrow beam between the
backplate and extraction grid of the TOF-MS. The potential on
the grid is rapidly switched to drive ions into the flight tube
through a set of spatial focusing electrodes and steering plates
before the ions enter a large-bore reflectron equipped with a dual
microchannel plate (MCP) detector.

The anode of the MCP detector is connected to a purpose-
built preamplifier with a built-in discriminator that generates an
ECL logic pulse whenever the preselected signal threshold is
exceeded. The output is sent to a time-to-digital converter (TDC)
with 2-ns time bins, and this constructs an arrival time histogram.
The TDC also provides the trigger pulse to the extraction grid
for initiating the flight time sequence. Repetitive scans are
essential to attain meaningful ion count statistics and for a scan
range of 0-300 Da we can accumulate 104 scans/s-1. The transfer
optics, the TOF-MS, and the TDC were all supplied by Kore
Technology (Ely, U.K.).

Pumping in the first differential pumping region, the transfer
optics chamber, and the TOF-MS is carried out using separate
turbomolecular pumps. The downstream end of the drift tube is
evacuated by a small mechanical pump.

Gas Delivery. High-purity deionized water (15 MΩ) was used
as the source of water vapor. This was purged before use and
was bubbled into the ion source using N2 carrier gas at a flow
rate of 12-15 sccm. Zero grade nitrogen (BOC, 99.998%) was
employed after having been passed through an Alltech activated
charcoal hydrocarbon trap. Zero air (BOC, BTCA 178 grade)
scrubbed through a self-indicating hydrocarbon trap was used for
some calibration scans.

Determining Absolute Concentrations. Absolute concentra-
tions of trace gas R are determined in PTR-MS via the steady-
state expression

Figure 2. Experimentally determined percentage formation as
function of total ion counts of H3O+ and H3O+. (H2O)1-2 with varying
electric field (E/N). The sample gas had a dew point temperature of
Td ) 6 °C. The arrow indicates typical operating conditions.

Figure 1. Schematic representation of the PTR-TOF-MS system.
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Figure 1.3: Schematic representation of the PTR-TOF-MS instrument (from Blake et al.2004).

exhaled-breath VOCs requires analytical methodologies that capture metabolites of in-
terest in a reproducible manner, while minimising interference from the sample matrix
(Pleil et al., 2013). In this regard, the development of mass spectrometry approaches for
volatolomics during the last decade offers exciting opportunities, as detailed below.

1.1.3 Mass spectrometry approaches for VOC analysis

Several analytical methods are available for exhaled breath analysis (Figure 1.4; Rattray
et al. 2014). Mass Spectrometry (MS) is the method of choice for untargeted VOC analy-
sis due to its sensitivity and selectivity. It measures the mass-to-charge ratio (m/z) of all
molecules present in a sample, provided that they can be ionized. Various kinds of MS
instruments are used to detect, quantify, and identify the chemical compounds (de Hoff-
mann and Stroobant, 2007).
Gas chromatography coupled tomass spectrometry (GC-MS) has been applied success-

fully to VOC biomarker identification from breath (Phillips et al., 2007; Horvath et al., 2009;
Löser et al., 2020). However, GC-MS is a time-consuming offline analysis which requires
the storage of breath samples in plastic Tedlar bags or sorbent tubes (resulting in several
analytical biases; Miekisch et al. 2008; Beauchamp 2011), as well as a suitable laboratory
environment, and qualified chemists.
On-line technologies, where the patient blowsdirectly into themass spectrometer, have

emerged as promising approaches for the real-time analysis, since they do not require
sample storage, and since results are available on the fly (Bruderer et al., 2019; López-
Lorente et al., 2021). The most important factors for on-line monitoring are sensitivity,
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Clinical applications of breathomics
Breath analysis offers the potential for biomarker discov-
ery in an almost unlimited variety of clinical circum-
stances, ranging from disease diagnosis to stratification
to treatment monitoring or prognosis (Table 3). Likewise,
the breadth of disease groups would include airway and
lung diseases, and even distal single-organ or systemic and
multiorgan diseases that transmit VOC byproducts into
the blood stream. Challenges that must always be
addressed and accounted for in breath sampling for clinical
studies include environmental contamination, patient
comfort and safety, and infection control. Study-specific
issues relate to the desire to sample preferentially the
portion of the breath that arises from the area of interest

(e.g., the mouth, airways, or alveoli). The study of volatiles
arising in the mouth principally relates to the study of
halitosis and is reviewed elsewhere [37].

The aspect of breath analysis that relates to metabo-
lomics is unlikely to reveal any single, unique biomarkers
pertaining to particular diseases, organisms, or process.
Specific combinations or classes of compounds (i.e., fin-
gerprints) are more likely to form the basis of a ‘compound
biomarker panel’ for a disease, as established from pre-
vious work in obstructive airway diseases. For example,
in chronic obstructive pulmonary disease (COPD), a mod-
el VOC panel comprising 11 volatile compounds discrimi-
nated COPD from healthy controls, of which nine VOCs
were aldehydes [19]. Similarly, the model that could

Table 2. Current and developing analytical platforms for detecting breath VOCs

Technique Detection

limit

Advantages Disadvantages Potential for

point-of-care

use?

Refs

Spectrometric based

GC-MS ppb Current gold standard: can identify

unknowns; quantitative;

automated

Expensive; time consuming; not

currently portable; sensitivity not

improved by preconcentration;

requires dry samples

No [37,38,62]a

Highly sensitive; can

preconcentrate samples to detect

lower levels, automated

Complicated data deconvolution

and compound identification

processes

VOCs can be captured on different

absorbent beds, such as SPME, TD,

and Monotrap

SIFT-MS ppb Real-time analysis; can achieve

absolute quantification

Expensive; not ideal for broad

profiling

No [25,27]

DMS ppt Robust, compact, sensitive Confident identification needs to

be carried out on a MS system

Yes [63]

PTR-MS/PTR-ToFMS ppt Has high specificity and can detect

very low mass compounds

Cross-signal interference;

expensive

Yes [18,59]

ESI-MS ppb Minimal need for adaptive

sampling technology, rapid

Requires subject to be beside

analytical platform for analysis;

relatively expensive

No [64,65]

FAIMS ppb Can be miniaturized; (+)ve and

(�)ve ions can be detected

simultaneously (Owlstone)

Requires preprogramming; not

applicable to unknown

compounds; reduced sensitivity in

complex matrices; can suffer from

signal suppression

Yes [66]

Sensor based

eNose ppt Clinical PoC; data available in real

time; ease of use; programmable;

handheld

Requires preprogramming;

calibration and signal needs to be

compared with MS signal;

database of disease signals needs

to be created (Cyranose)

Yes [67]

Different sensor design, such as

quartz microbalance and

conducting polymers (Cyranose),

allows for large range of

compound coverage

Gold Nano-Biosensor ppt Rapid; no need for

preconcentration; highly sensitive;

disease specific

In development: requires

significant research for PoC

Potentially [68]

Surface Plasmon

Resonance

ppt Highly selective; high throughput Selective recognition needs to be

preprogrammed on an appropriate

chip surface (aqueous media)

Potentially [69]

Piezoelectric Cantilever ppt Can be specifically tailored to

individual compounds, not just

classes

Possible issues with poisoning of

binding ligands

Yes [70]

As lithographic techniques

improve, more sensors can be

applied to smaller chips

Sensitive to vibration

ahttp://www.hichrom.com/product_range/existing_products/GLS/Monotrap.htm.

Review Trends in Biotechnology October 2014, Vol. 32, No. 10

542

Figure 1.4: Current and emerging analytical platforms for the detection and quantificationof breath VOCs (from Rattray et al. 2014).
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selectivity, scan speed, and robustness. Different variants of MS techniques enable direct
sampling and ionisation, including Selected Ion Flow Tube Mass Spectrometry (SIFT-MS,
Španěl and Smith 2011), which provides absolute quantification but with low resolution,
Secondary Electrospray Ionization (SESI -MS, Wu et al. 2000), which achieves the highest
mass resolution reported to date (>140,000) but requires laboratory analytical platform
for analysis, and Proton Transfer Reaction (PTR-MS; Ellis and Mayhew 2014), which pro-
vides both high specificity and the possibility to collect breath at the point of care.
When coupled to Time-of-Flight (TOF) Mass Spectrometry, PTR-TOF-MS (Blake et al.,

2004; Herbig et al., 2009; Jordan et al., 2009) has emerged as a promising approach with
high sensitivity and specificity for VOC analysis in a wide range of applications (including
environment, food quality, biology). Ionisation is based on proton transfer from a reagent
ion, most commonlyH3O

+:
V OC +H3O

+ → (V OC)H+ +H2O

As a result, only molecules with a relatively higher proton affinity than water are ionised,
excluding the major components of air (N2,O2, and CO2). Furthermore, fragmentation is
minimal since proton transfer is a relatively soft ionisation technique. Protonated VOCs
are then focused by a lens system and detected in a high resolution reflectron time-of-
flight mass spectrometer, according to their mass/charge (m/z) ratio (Figure 1.3). Finally,
real-time quantification of VOCs is achieved by ion counting and normalisations based on
reaction rates and transmission factors (Cappellin et al., 2012b).
In the area of health and care, PTR-TOF-MS opens up unique opportunities for real-

time analysis at the point of care (Smith et al., 2014). Its potential for bio-medicine has
been shown in applications such as emphysema, liver cirrhosis, chronic kidney disease
and diabetes (Cristescu et al., 2011; Fernández del Río et al., 2015; Obermeier et al., 2017;
Pleil et al., 2019; Trefz et al., 2013). However, there is currently a lack of numerical methods
and efficient, user-friendly software tools for the processing of PTR-TOF-MS data in the
clinics.

1.2 Signal processing of mass spectrometry-based data

The processing of mass spectrometry (MS)-based data consists in transforming the raw
data files generated by the mass spectrometer instrument into a representation that fa-
cilitates access to characteristics of each observed ion (Katajamaa and Orešič, 2007). It
includes the pre-processing of each file (one file per biological sample), by listing the m/z
value and quantity of all detected ions (peak picking), followed by the alignment between
the samples to generate the sample by variable table of intensities (i.e. the peak table).
Finally, additional information about the ions is added (such as the isotope distribution
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or annotation obtained by matching the m/z value (and retention time) against in-house
or external databases. An overview of the processing workflow applied to biomarker dis-
covery with MS data is described in Figure 1.5.

1.2.1 Peak detection and quantification

Peak detection and quantification is a critical step for MS data processing. A peak is a
localisedmaximum signal produced by the detector around them/z value of the detected
ion. The aim of peak picking is therefore to identify the exact peak location m/z from the
raw signal as well as the total ion count.
A mass spectrum contains the ion intensities recorded as a function of the mass to

charge ratios m/z, in most cases, instrumental noise and a baseline are present. Fig-
ure 1.6, represents the modelling of a mass spectrum by the addition of peak signals,
baseline, and noise. Raw data filtering is therefore needed to facilitate the subsequent
peak detection.
We describe hereafter the peak picking procedure as a sequence of three steps (Yang

et al., 2009): smoothing, baseline correction and peak finding.

Smoothing

Smoothing methods consist in reducing the noise contained in the measured spectrum.
Several methods has been described in the literature, as Gaussian filtering (Yang et al.,
2009), Kaiser window (Kaiser, 1977), or more recently wavelet transform (WT). In WT ap-
proaches, mass spectra are transformed into the wavelet domain and represented in
terms of wavelet coefficients in multiple scales. Du et al. 2006 proposed the Undecimated
Discrete Wavelet Transformation (UDWT), which is shift-invariant, for spectra denoising,
and simultaneous removal of the baseline.
However, the Savitzky-Golay (SG) filter (Savitzky and Golay, 1964) is one of themost pop-

ular smoothing algorithm, since it enables to compute the exact first and second deriva-
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tive at each point of the signal, which is very useful to detect local maxima. It consists in
a moving average filter that performs independent polynomial regression of degree d on
a subset of consecutive data points of odd size 2m + 1 (windows), and takes the central
point of the fitted polynomial curve as output.
The choice of the windows size and degree d is then important, since too large win-

dows (or small degree) leads to underestimation and too small windows (or large degree)
leads to over fitting and doesn’t smooth enough (bias-variance trade-off). An optimal win-
dows selection algorithm has been proposed by Vivo Truyols and Schoenmakers (2006),
which minimise the difference between auto-correlation of the fitting residuals (i.e., the
differences between the input signal and the smoothed signal) and the auto-correlation
of blank signal. More recently, John et al. (2021) also proposed an adaptive method for
both degree and windows size choice, based on minimising a generalised unbiased es-
timation of Mean Squares Error (GUE-MSE) between the true signal and the smoothed
output, without any specific distributional assumption on noise.

Baseline correction

After denoising, the baseline needs to be removed from the spectrum before proceeding
to peak finding. It classically consists in estimating the baseline before subtracting it.
Many iterative algorithms have been proposed in the literature for baseline correction,

including polynomial fitting (the signal is iteratively cut off above the fitted curve; Gan
et al. 2006), reweighted penalized least squares (at each iteration, the signal above the
fitted curve is assigned a lower weight than signal below; Zhang et al. 2010; Baek et al.
2015; Ruckstuhl et al. 2001), quantile regression (the 0.01 quantile of the signal is estimated
instead of the mean Komsta 2011), mixture probabilistic modeling (by computing at each
iteration the probability of each point to belong to the baseline; de Rooi and Eilers 2012),
and the sensitive nonlinear iterative peak algorithm (SNIP), based on a low statistics digital
filter (Ryan et al., 1988; Morháč and Matoušek, 2008). All of these algorithms depend on
parameters (such as the degree of the polynomial regression), and require a convergence
criterion. The choice of algorithm depends mainly on the type of baseline observed in the
data, and thus the type of MS instrument.

Peak finding

The main step of peak picking is the determination of peak locations. A peak can be de-
fined by the m/z centre µ, width σ, and height h or area under the curve A. The width
σ is usually defined as the full width of the peak at half maximum (FWHM) (Figure 1.7).
The resolution of an instrument corresponds to the separation capability between two
peaks, and is defined as R = m

∆m
, where ∆m is usually the FWHM. Several methods of

peak finding are available:
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Figure 1.7: Parameters that characterise a peak: the centre µ, the height h, the width athalf maximum (FWHM) and the area.

• Local maxima

Here, peak locations are defined as the local maxima on the denoised and baseline
corrected signal. A function f is said to have a local maximum at the point x∗ if there
exists some neighbourhood V of x∗ such that f(x∗) ≥ f(x) for all x ∈ V . Furthermore, if
f is differentiable:

∂f

∂x
(x∗) = 0 and

∂2f

∂x
(x∗) < 0 (1.1)

Based on this definition, most local maxima detection algorithms use the first differ-
ences between successive points, and thus list the x such that f(xi−1) < f(xi) and f(xi) >
f(xi+1). However, if the signal is not perfectly denoised, this step may result in false pos-
itive peaks, corresponding to little bumps caused by noise. A peak quality control step
must therefore be added, such as an intensity threshold (signal to noise ratio; e.g., the
95th percentile of the denoised signal; Du et al. 2006), a threshold on the difference be-
tween successive points of the peak (e.g. the median absolute deviation; Coombes et al.
2003), or a minimum distance between two consecutive peaks (Coombes et al., 2003).
Another intuitive option is to use the value of the first and second derivatives of the

Savitzky-Golay filter to select points which satisfy Equation 1.1 (Yang et al., 2009).
• Ridge lines on continuous wavelet transform (CWT)

Du et al. (2006) proposed to detect peaks by identifying ridge lines on the Continuous
Wavelet Transform along different scales. These ridges characterise the regularity of the
signal and can be used to detect peaks (Mallat and Zhong, 1992). One advantage of this
method is to avoid the need for baseline removal or peak smoothing before peak detec-
tion.
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• Deconvolution with a model peak function

Medium or low resolution mass analysers generate overlapping peaks. In such a case,
a deconvolution method must be used to separate and quantify each peak. An approach
is to use a model of the peak function, denoted pθ(t) with θ = (µ, σ, h), and to apply
a regression algorithm minimising a loss function between the denoised and baseline
corrected observed signal ỹ, and the mixture of peak functions:

min
θ

||ỹ −
P∑
i=1

pθi(m)||2 (1.2)

with m the vector of m/z values and P the number of overlapping peaks. This can be
achievedwith standardnonlinear optimisation algorithms, such as the Levenberg-Marquardt
algorithm (Lange et al., 2006), particle swarm optimization (PSO; Wijetunge et al. 2015) or
Expectation-Maximization (EM; Yu and Peng 2010). The number of peaks P and the initial
values of θmust be defined, e.g. by using local maximumdetectionmethods as described
before.
Asymmetric peak functions are usually needed, due to imperfections of the mass anal-

yser. Several asymmetric peak shapes have been described in the literature, including
bi-gaussian (Yu and Peng, 2010), mixture of gaussians (Leptos et al., 2006), Lorentzian,
sech2 (Lange et al., 2006; Stancik and Brauns, 2008), or combination of these (Wijetunge
et al., 2015).
To select the best number of peaks P and the best fit function, model selection based

on the Bayesian Information Criterion (BIC) or R2 criteria are used (Lange et al., 2006; Yu
and Peng, 2010):

BIC = −2 ln
(
(

n∑
i

ỹi − ŷi)
2
)
+ P · ln(n) (1.3)

R2 = 1−
∑n

i (ỹi − ŷi)
2∑n

i (ỹi − ȳ)2
(1.4)

with ŷi = ∑P
j=1 pθ̂j (mi), θ̂j the solution of equation 1.2 and ȳ the average of the denoised

and baseline corrected observed signal .
The last step of peak picking is to provide the total ion count for each detected peak. It

is usually computed as the area under the curve of the fitted peak shape, or the sum of
the raw signal between the peak boundaries if there was no peak deconvolution.
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1.2.2 Alignment

Once the peaks have been detected in the individual sample files, a matching (i.e. align-
ment of m/z values) across the samples is required to generate a single matrix of inten-
sities for the whole experiment, where each row corresponds to one ion and each col-
umn contains the quantities of these ions (e.g., peak area) in one sample. Regarding the
PTR-MS instrument, the internal mass calibration (section 2.1) enables to perform an ini-
tial alignment between the mass spectra by using reference peaks (Jeffries, 2005; Frenzel
et al., 2003). Then, since the mass shift error is non-linear, additional methods are re-
quired to group masses corresponding to the same ion. Instead of using fixed interval
matching (i.e. binning), Smith et al. (2006); Delabrière et al. (2017) proposed a kernel den-
sity estimator to compute the overall distribution of peaksm/z, and to dynamically identify
boundaries of regions where many peaks have similar m/z.

1.2.3 Identification

At that stage, the detected features (ions) are defined by their mass. Two kinds of addi-
tional information are sought to provide further chemical insight. First, the identification
of isotopepairs among the features canbedetected by looking formass differences corre-
sponding to one neutron and by checking the correlations between the intensity profiles
among the samples (Treutler and Neumann, 2016). Second, the mass can be matched to
databases of metabolites, or the chemical formula, to suggest candidates. The key pa-
rameters for a successful match are the mass accuracy of the instrument, its resolution
(i.e. its ability to separate neighbouring peaks), and the content of available databases.
For further characterisation (e.g. distinction between isomers), complementary analytical
approaches are required, such as one- or two-dimensional gas chromatography (Phillips
et al. 2013; see the discussion in section III).

1.3 Online exhaled breath data processing

The principal challenge of exhaled breath analysis is to differentiate between VOCs com-
ing from the body and the external environment (endogenous vs exogenous). Indeed,
real time analysis method continuously records spectra during the acquisition, the ambi-
ent air of the room is analysed during the intervals between two expirations (e.g. when the
patient inhales). Furthermore, Miekisch et al. (2008) showed that alveolar samples (which
correspond to the end tidal of expiration, coming from alveoli, see Figure 1.2) showed
the highest concentrations of endogenous and lowest concentration of exogenous sub-
stances. It is therefore important to detect the alveolar expiration phases and discard
compounds that do not originate from exhaled breath.
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1.3.1 Expiration phases detection

During real-time breath acquisitions, several exhalations are usually recorded. As ex-
plained in section 1.1.2, gas exchanges take place in the alveoli: as a result, VOCs produced
by the metabolism are present in the alveolar air, which represent the end tidal of expira-
tion. Herbig et al. (2009) therefore suggested to identify breath phases by using the signal
of tracer compounds that originate from the blood–gas exchange in the alveoli and are
present in high concentration in a breath sample, such as acetone (m/z 59.049), CO2 (m/z
44.997) or humidity with the water dimer isotope (m/z 39.033).
Schwoebel et al. (2011) used the water dimer signal (m/z 37.028) to distinguish between

inspiratory and alveolar air. An algorithm was designed to automatically detect those
phases using the signal trace around m/z 37, with a threshold on the intensity and the
stability of cycle. Points greater (respectively, lower) than the mean of the whole trace are
considered as expirations (respectively inspirations), and the gradient signals (difference
between successive points) from the same expiration cycle (respectively inspiration) has
to be less than a fixed value (2.5%).
This method was further generalised by Trefz et al. (2013), who set two percentage

thresholds texp and tinh, and defined expiration (respectively inhalation) as the part of
the trace where the intensity is higher (respectively lower) than texp% (respectively tinh%)
of the signal trace maximum. This approach was used in several studies from the same
group: using isoprene as breath tracer (Sukul et al., 2014) , on ventilated patients (Brock
et al., 2017), or using acetone (Trefz et al., 2019b; Sukul et al., 2021).
1.3.2 Ambient inhaled air

During online acquisition of exhaled breath, the ambient air of the room is both analysed
by the instrument and inhaled by the patient. Compound from ambient air can thus be a
significant source of confounding variables. It has been demonstrated that for the com-
pounds present in ambient air, their concentration in exhaled breath is related to their
concentration in the ambient inhaled air (Phillips, 1997; Beauchamp, 2011; Filipiak et al.,
2012; Španěl et al., 2013; Pleil et al., 2013; Smith et al., 2014). Phillips (1997) therefore in-
troduced the concept of "alveolar gradient", which corresponds to the concentration in
breath minus the concentration in inhaled air. If the gradient is positive, the VOCs is con-
sidered from exhaled breath, and if it is negative or close to zero, it is considered as an
ambient air pollutant. This method assumes that the subject is in equilibrium with room
air before the sampling (in practice, the patient is allowed to breath quietly in the room
for a few minutes).
The quantitative analysis of seven VOCs present in ambient air showed that all these

compounds were partially retained in the exhaled breath, and that there was a linear
relationship between the exhaled and inhaled air concentrations (Španěl et al., 2013). A
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correctionwhich is specific to each compoundmay therefore be applied for targeted stud-
ies.
In the more general case of untargeted approaches, the ambient air intensity is usu-

ally subtracted from the averaged expiration intensity (van den Velde et al., 2007; Zhou
et al., 2017). Alternatively, breath-specific compounds are selected by thresholding the
expiration intensity as a function of ambient air (Bajtarevic et al., 2009; Wehinger et al.,
2007).
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Chapter 2

Current processing of PTR-TOF-MS
data

2.1 Data acquisition

MS instruments consist of an ion source, a mass analyser, and a detector (Gross, 2011). In
PTR-TOF-MS instruments (section 1.1.3), chemical ionisation is achieved by proton transfer,
usually from a source of hydronium ions (H3O

+, called primary ions). In addition, the TOF
analyser provides high sensitivity and resolving power (Jordan et al., 2009). Finally, ion
counting is performed by using a microchannel plate detector.
During data acquisition, which is very fast, the instrument continuously analyses the

air flowing through a buffer tube (i.e. ambient air by default) and the patient is asked to
expire a few times into the tube. A buffered-end tidal systemmay be used to prolong the
end of expirations and to achieve efficient breath capture (Herbig et al., 2008), shown in
Figure 2.1.
Raw data are provided in the form of a numerical matrix, where the indices of the rows

are the TOF bins (which will be converted into m/z values during the calibration step of
data processing), and the column indices are the acquisition times (in seconds). A bin
j is a time interval of duration tbin (in ns), during which the ions arriving between ](j −
1)× tbin, j× tbin] are counted by the detector. The resulting intensities for all bins form an
extraction, or spectrum: spectramay be averaged by the processing algorithms to reduce
the signal/noise ratio (see the nomenclature on Figure 2.2).
Raw files may be large (∼ 50 MB); they are generally stored in the HDF5 open format

(Koziol, 2011), which allows direct access to specific blocks of data of interest if necessary
(e.g. during imputation of missing values, when a refined analysis of the raw data within
the region of interest is required). The raw files also contain themetadata collected during
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Figure 2.1: PTR-Qi-TOF MS with a buffered-end tidal device (BET med, Herbig et al. 2008),Exhalomics, Foch Hospital.

the acquisition (date, drift temperature and pressure, etc.).

2.2 Data pre-processing

There are few pre-processing algorithms for untargeted peak detection of PTR-TOF-MS
data described in the literature: Cappellin et al. (2011a), Müller et al. (2011) and Holzinger
(2015). These three algorithms (and particularly the last two) follow the same steps: in-
ternal calibration of the mass axis with reference peaks, dead time correction, peak de-
tection on the average mass spectrum, and quantification of peaks along the acquisition
time. Online exhaled breath data analysis has also been the subject of several develop-
ments, such as the detection of expiration phases (Herbig et al., 2009; Schwoebel et al.,
2011; Trefz et al., 2013), and the correction of the inhaled ambient air concentration (Phillips
et al., 1994; Beauchamp, 2011; Španěl et al., 2013). We present in this chapter the state of
the art and the remaining challenges for the processing of PTR-TOF-MS data in the context
of online exhaled breath analysis.

2.2.1 Calibration of the mass axis

Related formula

TOF-MS analysers separate ions of different mass to charge ratios (m/z) based on their
specific velocities. As all ions are accelerated with an equal kinetic energy, the lower the
m/z, the faster the ions reach the detector. Their flight times t are then recorded by the
detector. Brown and Gilfrich (1991) demonstrate that the following equation describes the
relationship between mass and flight time:

m/z =
( t− a

b

)2 (2.1)
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Figure 2.2: Extract of PTR-TOF-MS raw data from exhaled breath, and nomenclature used.The raw data are stored as a matrix of intensities, whose dimensions are the TOF values(converted to m/z values during calibration), and the acquisition time. A (mass) spec-
trum contains all points at the same acquisition time. The sum of spectra across all timesis called the total ion spectrum (TIS). An ion trace is the sum of all intensities recordedaround an m/z value (similarly to the extracted ion chromatogram in liquid chromatog-raphy coupled to mass spectrometry), while the total ion trace is the ion trace acrossall m/z values (similar to the total ion chromatogram, TIC). Since VOCs have low weights(<500Da), the signal is concentrated around nominalmasses: data processing algorithmstherefore process raw data bands around the nominal masses independently.
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where (a, b) are calibration constants which depend on the distance travelled to the de-
tector and the the accelerating voltage, and can be determined from the flight times of at
least two ions of known m/z.
Experimentally, however, the linear relationship between t and √

m/z does not cross
the origin (Guilhaus et al., 2000). This is a relatively minor effect that can be only observed
on high resolution TOF instruments or at very low m/z. Cappellin et al. (2010) therefore
proposed to add a third coefficient to Equation 2.1:

m/z = a+ bt+ ct2 (2.2)

Alternatively, Holzinger (2015) suggests to improve themass accuracy by optimising the
exponent parameter q:

m/z = (
t− a

b
)q (2.3)

In practice, the Formula 2.1 remains the most used, especially by manufacturers for
external calibration.

Choice of the reference peak

The first external calibration used to convert the TOF axis tom/z values usually does not
provide sufficient accuracy. The parameters of the previous equation are then updated
by selecting reference peaks with knownm/z, called calibration peaks. Themass accuracy
therefore depends on the choice of those peaks: they should be i) well distributed along
the whole axis, ii) without neighbours at the same nominal mass, iii) present in all scans,
and iv) not saturated. The following optimisation problem is then solved with non-linear
optimisation algorithms:

min
θ

∑
i

(
(m/z)i − fθ(ti)

)2
where fθ is one of the equations linkingm/z and time of flight tof (i.e. Equation 2.1, 2.2, or
2.3), θ the two or three parameters to be estimated, (m/z)i the exact mass to charge ratio
of the calibration peaks, and ti the observed tof of this compound in the mass spectrum.
Note that a precise determination of the calibration peak centroids ti is therefore critical
to achieve a good mass accuracy (see the peak detection section).
The most often used reference peak in the literature is the isotope of the primary ion

(since the primary ion itself is saturated), i.e. H18
3 O+ at m/z 21.022 when the reagent ion
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is H3O+. Additional ions have been used as calibration references, depending on the
sample analysed (exhaled breath, atmospheric air, food etc.), including nitric oxide NO+

(m/z 29.998), dioxygen O+
2 (m/z 31.999), the isotope of water cluster (m/z 39.0326), or

acetone H7C3O+ (m/z 59.0491) (Müller et al., 2013; Cappellin et al., 2011a; Herbig et al.,
2009; Trefz et al., 2018). Finally, the instrument itself continuously produces external ions
(generally with highm/z) aimed at improving the calibration accuracy.
An alternative strategy avoiding theneed for calibration peakswas proposedbyHolzinger

(2015), by determining an autonomous mass scale calibration based on the matching to a
library of compound formulae generated in silico. The full calibration procedure relies on
three evaluations: a first calibration is performed by combining any two of the largest 16
peaks and assumes that these peaks correspond to a pair of primary ions. For the stan-
dard operation mode based on proton transfer from H3O

+, the pair of primary ions is
H3O

+ (m/z 19.018) and H2O.H3O
+ (m/z 37.028). The second step performs a variation

of constants on the previous parameter values, by maximising the number of matches to
the compound library. The third calibration computes parameters according to the "clas-
sical" user-specified m/z values. Among the three sets of parameters obtained, the one
which maximises the matches to the library compounds is selected.

Calibration shift

Due to low changes of temperature and small variations of the PTR-TOF instrumental pa-
rameters, a drift of the mass accuracy over the acquisition time is observed (Cappellin
et al., 2010; Müller et al., 2011; Holzinger, 2015). To correct this effect (especially for long
term acquisitions), several calibrations are performed periodically to update the parame-
ters values. Then, an interpolation of the time bins of each mass spectrum is performed.

2.2.2 Dead time correction

Instrumental dead times are caused by the finite time response of themulti-channel plate
(MCP) detector and the amplifier–discriminator, when two or more ions arrive at the de-
tector within a single data acquisition time bin of the time-to-digital converter (TDC;Müller
et al. 2013). It can therefore lead to an underestimation of high-intensity ion signals and
limit the dynamic range of the measurements. Titzmann et al. (2010) proposed to use a
Poisson counting to correct this effect.

2.2.3 Peak detection on the mass spectra

The main challenge of peak detection for PTR-TOF-MS data is the presence of several
peaks at one nominalmass (multiple peaks), aswell as the asymmetric shape of the peaks.
Based on thework by Titzmann et al. (2010), Müller et al. (2011) proposed a cumulative peak
shape function computed from the data (which was later improved by Holzinger 2015) as
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well as an iterative residual analysis algorithm. We will now present these peak detection
algorithms according to the three steps described in Section 1.2.1: smoothing, baseline
correction and peak finding.

Denoising and baseline correction

PTR-TOF-MS spectra are affected by two main sources of error: electronic random noise
and saturation effects. The first issue is addressed by detecting the peaks on the TIS. De-
noising is therefore not a critical point of PTR-TOF-MS processing: Holzinger (2015) and
Cappellin et al. (2011a) use a smoothing filter (Savitzky-Golay filtering and Wavelet denois-
ing, respectively; 1.2.1) to facilitate the subsequent peak detection.
The baseline in PTR-TOF-MS spectra especially affects those peaks that are close to sat-

uration. Müller et al. (2013) and Cappellin et al. (2011a) thus used a local baseline correction
at each unit m/z interval, by subtracting a linear fit (respectively, polynomial) computed
between the upstreamanddownstream signal points. Holzinger (2015) also applied a local
baseline algorithm, but on each 90 ns partition (1 bin corresponding generally to 0.2 ns).
The algorithm consists of a 7-fold iteration of the two steps: localise the position of the
highest signal and remove the signal located ± 9 ns around this position. The baseline is
finally set to the mean of the remaining data.

Peak finding

Since several peaks may be present at one nominal mass, and since the mass resolution
of the instrument is not always sufficient to separate them, a deconvolution step is re-
quired (see the section 2.2.3). The three algorithms described in the literature all use the
same method: 1) detect local maxima on the average spectrum (i.e. average of all spec-
tra acquired during the acquisition), and 2) use a peak model function to separate and
quantify the peaks.

• Detection of local maxima
Since volatile organic compounds are molecules with a low weight (< 500 Da), the sig-

nal is expected to be close to nominal masses (note that since most of the ions detected
by the PTR-TOF-MS technology carry a single charge z=1, the measuredm/z value there-
fore corresponds to the ion mass). Müller et al. (2011) thus propose to reduce the peak
search to windows around each nominal massm± 0.3Da. Peak detection then relies on
a classical algorithm for the detection of local maxima (2.2.3), with two additional qual-
ity controls: a minimum distance of 1000 ppm between 2 peaks, and an adaptive noise
threshold corresponding to the maximum of the signal around the nominal mass (i.e. in
[(m− 1) + 0.3;m− 0.3[∪]m+ 0.3; (m+ 1)− 0.3]).
Holzinger (2015) used the first and second derivatives of the Savitzky-Golay filter to de-
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tect localmaxima. Twoquality controlswere also added: the signal at each localmaximum
must exceed the noise by 8 times the variability of the noise, and the ratio between the
maximum and the full width of the peak (end− start) must be in [20; 10000]. The noise is
defined here as the median of the signal around the nominal mass ±1Da.

• Peak separation with the model peak function
In the case of signals based on counting, Titzmann et al. (2010) proposed to improve

the peak analysis by using the cumulative signal for the fit. Indeed, for TOF data, the
ith data point of the spectrum represents the number of ions which arrived within the
ith time bin, and not exactly at this time bin. Thus the cumulative signal, corresponding
to the cumulative distribution function (CDF), is more appropriate than the probability
distribution function (PDF) of the ion (the latter corresponding to the classical peak shape).
Furthermore, Müller et al. (2011) proposed a peak shape function computed from the

data for each single acquisition. It first derives a referencePeak, which corresponds to the
average normalised cumulative signal of the calibration peaks (section 2.2.1) after baseline
correction, and a normalised TOF rangeTOF∆ = tof−t

∆ , where tof is the TOF axis obtained
by converting the mass axis with the external calibration coefficient, t is the peak centre
and∆ is the FWHM. The peak function is then defined as:

peaki(tof,∆i, ti, Ai) = interpolation(tof, TOF∆ ×∆i + ti, referencePeak ×Ai) (2.4)

with ∆i the peak width, ti the peak centre, Ai the area, and interpolation the cubic in-
terpolation function. Müller et al. (2013) also proposed the following initial values and
boundaries for the parameters:

• ∆i = a(
t2i
b2

+ 1)0.5, where (a, b) are the calibration coefficients determined in sec-
tion 2.2.1 (this formula was introduced by Coles and Guilhaus 1994). The fitting con-
straints are empirically set to ± 6% of∆i

• Ai: sum of all data bins within an interval of 10×∆i

• ti: apex of the detected local maximum, with boundaries set to ±∆i/5

Holzinger (2015) further improved the reference peak shape, by using all the peaks (i.e.
not only the calibration peaks) with a maximum signal in the following range: (a) a prede-
finedminimum (the default value is 800 counts), and (b) a maximumwhich is the larger of
either 10 times the minimum signal or 1% of the maximum signal of the entire spectrum.
This allows for a better generalisation of the peak function. The final peak shape func-
tion is obtained by computing the 10% quantile of all the selected peaks, which is further
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smoothed by using a Savitzky–Golay filter.
Of note, a Gaussian peak function has been proposed by Cappellin et al. (2011a): despite

its agreement with the data on the top part of the peak and its reduced computing time,
Gaussian models cannot fit well the asymmetric tails of the peaks.

• Iterative residual analysis
To improve the peak separation of PTR-TOF-MS spectra, Müller et al. (2010) proposed an

iterative residual analysis. Following the detection of the first local maxima and the fitting
of the peak model, the smoothed fit residual is analysed for additional peak maxima. The
procedure for the detection of local maxima is identical to the previous one, except that
softer thresholds are applied: intensity higher than 8 times the standard deviation of the
residual for intensity threshold and ∆i/3 for the minimum peak separation. If maxima
are detected in the residual, they are added to the sum of model peaks for a second fit
on the spectrum. This step is repeated until one of the following criteria is satisfied: the
R2 criteria of the residuals is greater that 0.995, the total number of peaks reaches 5, the
number of iterations reaches 3, or there is no new peak in the residuals.

2.2.4 Temporal estimation

PTR-TOF-MS instruments not only record the mass of the compounds, but also their evo-
lution with time. In fact, during an acquisition, PTR-TOF-MS instruments continuously
record mass spectra along time (e.g. 1 mass spectrum per second). Consequently, PTR-
TOF-MS data from one acquisition (i.e. in one file) consists in a matrix of TOF counts with
mass and time as dimensions.
In the previous sections, we reviewed the processing along the mass axis (applied to

the sum of the mass spectra). Existing software further perform the global compound
quantification during the whole acquisition by integrating the signal between the m/z
boundaries along the time dimension.
More precisely, Holzinger (2015) integrates the raw signal contained within 2 standard

deviations around the peakm/z apex. In case of overlapping integration boundaries, the
common boundary is set at an equal distance between the neighbouring peak apexes,
and a correction factor is applied to take into account the overlap (Holzinger, 2015).
Alternatively, Müller et al. (2011) computes specific intervals for each peak, and a super-

position of the “model peaks” is fitted with the tight fitting constraints described above for
each single spectrum. Finally, peak areas are TOF-MS duty corrected and saved together
with additional peak information. Ultimately, signal counts in the resulting temporal evo-
lution are scaled-up with a correction factor to match the intensities in the integrated
spectrum.
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2.2.5 Normalisation and quantification

An interesting property of the ionisation by PTR is the conversion of ion intensities into
absolute quantities. This is achieved by normalising the ion intensities by the reagent
ion (e.g. H3O

+) intensities (Vlasenko et al., 2010; warneke et al., 2001), the reaction rate
coefficient k between the VOC and the reagent ion (Hartungen et al., 2004; Cappellin et al.,
2011b), and the residence time of the primary ions in the drift tube (Cappellin et al., 2012b).
When a k for a specific VOC was not available, a standard value of 2×10−9cm3s−1 is used
(Sekimoto et al., 2017). The final normalisation by the density of the air in the reaction
chamber gives the absolute concentration of the VOC, expressed in part per billion (ppb).

2.3 Software

Twoprocessing software tools for PTR-TOF-MSdata have beendescribed, the open-source
PTRwid tool, developed by Holzinger (2015) in IDL language (Figure 2.3), and the commer-
cial Ionicon Data Analyzer (IDA) released in 2020, based on the algorithms developed by
Müller et al. (2013) (Figure 2.4). These software tools allow for the analysis of single files
from high-resolution, TOF-MS acquisition, with the automatic calibration for PTRwid (see
section 2.2.1). Both propose a csv file output, with the list of the peakm/z centres and their
quantification in ppb or cps at each time point from the acquisition. They also suggest a
putative chemical formula for each detected peak, by generating all possible chemical
formulae CaC

13
b HcOdNe, with a ∈ [1, 40], b ∈ {0, 1}, c ∈ [max(1, a− 9), a], d ∈ [0, 5] .

To address the issue of the analysis of multiple files, Holzinger (2015) proposed the
"unifiedmass list" tool, that enables to align peaks fromdifferent samples: peaks detected
in each individual file are first counted by bin, of width equal to the maximum between
1 mDa and 8 ppm; the corresponding histogram is then analysed for each nominal mass
(smoothing with a running mean of 5 points, detection of local maxima and Gaussian
fitting of 11 data points). The peak centre estimated on this histogram provides the so-
called "unified peak list". For IDA, the analysis of multiple files consists in merging the
files and analysing the total spectrum.
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Figure 2.3: Screenshot from PTRwid, with opned simulated data (see the section 5.2.1)

Figure 2.4: IDA software (screenshot fromhttps://www.ionicon.com/accessories/details/ionicon-data-analyzer-ida).
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Chapter 3

Mathematical approaches for
classification and longitudinal
analysis

3.1 Penalised spline regression

In this section, wepresent penalised spline regression, (Marx and Eilers, 2005;Wood, 2006;
Bollaerts et al., 2006; Ruppert et al., 2009), which permits to estimate any shape of function
without parametric assumptions and generalising well to multi-dimensions. In particular,
the P-spline approach introduced by Eilers and Marx (1996) is very powerful to model any
profile without a priori knowledge on the data and to provide interpretive coefficients and
penalisation.

3.1.1 Penalised smooth regression

Let some data be (yi, xi)
n
i=1, we want to estimate a smooth function f , without any para-

metric assumption such that:
yi = f(xi) ∀i ∈ 1, ..., n

f may then be expressed as a linear combination of K basis functions (b1(x), ..., bK(x)):
f(x) =

∑K
j=1 βjbj(x). We thus come back to a parametric linear model:

yi =
k∑

j=1

βjbj(xi) + ϵi ϵi ∼ N (0, σ2) (3.1)
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The parameter β is then estimated by the least squares method:

β̂ = argmin
β

n∑
i=1

(yi −
k∑

j=1

βjbj(xi))
2

= argmin
β

||y −Xβ||2

= (XTX)−1XTy

where the ith row of the (n × k) matrix X, Xi = (b1(xi), b2(xi), ..., bk(xi)), and y =

(y1, ..., yn).
It then remains to choose the basis and the dimension k. Several basis of smooth func-

tions could be used, for instance polynomial, Gaussian or spline. Grenn and Silverman
(1994) demonstrate that splines are the best interpolators function in the sense of min-
imising the integrated squared second derivative of f on [x1, xn]. So, in order to estimate
any shape of function, splines present themselves as ideal candidates.
Then to select the best dimension k, oneway is to start with a large dimension, and then

use hypothesis testing methods or AIC criteria to select K by backward selection. How-
ever such an approach is problematic since the fit of the model tends to depend on the
basis function locations. An alternative to controlling smoothness is to add a “wiggliness”
penalty to the least squares optimisation problem (Ramsay et al., 1996):

min
β

||y −Xβ||2 + λ

∫ xn

x1

f ′′(x)2dx

where λ is the smooth coefficient. Because f is linear in the parameters β, the penalty
can always be written as a quadratic form in β : βTSβ, where S is a matrix of known
coefficients (Wood, 2006). The optimisation problem (Equation 3.3) become:

β̂ =argmin
β

||Y −Xβ||2 + λβTSβ

β̂ =(XTX + λS)−1XTY

(3.2)

If λ→ ∞, the fitted curve f approaches the standard linear regression to the observed
data. In contrary, where λ → 0 the curve will tend to become more and more variable,
and at 0, f will approach an interpolant to the data, satisfying f(xi) = yi ∀i.
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Figure 3.1: B-spline functions spread over a set of 5 equidistant knots for data between 0and 1, with degree d = 1 (top panel) and d = 3 (bottom panel). This results in a basis ofdimension 5 for d = 1 and 7 for d = 3.

3.1.2 P-splines

P-splines (penalised B-splines) are B-splines to which the penalty added corresponds to
the difference between successive parameters βi, to control the smoothness of the es-
timated function f . It has been used in many applications and theoretical works (Eilers
et al., 2015) such as data smoothing (Currie and Durban, 2002), Bayesian statistics (Gres-
sani and Lambert, 2021), and machine learning with generalised additive models (GAM;
Brezger and Lang 2006; Wood 2006). Let us first introduce B-splines.
Basis splines (B-splines) are polynomial functions with a minimal compact support, intro-
duced by de Boor (1978). To construct a B-spline basis of dimension k, (b1, ..., bk), we first
define a degree d and a set of knots k1, ..., kq such that k1 < k2 < ... < kq , and q = k+d+1.
The first and last d knots are called outer knots, and the k + 1− d central knots are inter-
nal knots and must be located within [xmin, xmax]. Only the position of the internal knots
impacts the estimation of the function f . Then each element bdi is a polynomial function
a of degree d over the interval [ki, ki+d+1], and zero otherwise:

bdi (x) =
x− ki
ki+d − ki

bd−1
i (x) +

ki+d+1 − x

ki+d+1 − ki+1
bd−1
i+1 (x)

∀i ∈ 1, ...,K and b0i (x) =
{

1 if ki < x < ki+1

0 otherwise
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A examples of B-splines basis with fives knots distributed between [0, 1] are shown in Fig-
ure 3.1. B-splines were developed as a very stable basis for large scale spline interpolation
(Unser et al., 1993), but the real statistical interest in B-splines has resulted from the work
of Eilers andMarx (1996), by using them to develop P-splines. We add to the least squares
regression a penalty on the difference between successive parameters βi of order b:

min
β

||Y −Xβ||2 + λ
k∑

j=b+1

∆b(βj)
2 (3.3)

where ∆b(βj) = ∆(∆(b−1)(βj)) and ∆(βj) = βj − βj−1. For instance, if b = 1 and k = 3,
the penalty could be written as follow:

P =

3∑
j=2

(βj − βj−1)
2 = β21 − 2β1β2 + 2β22 − 2β2β3 + β23

P =βT

 1 −1 0

−1 2 −1

0 −1 1

β

P =βT

1 0

1 −1

0 1

[
−1 1 0

0 −1 1

]
β

P =βTDTDβ

where the (k − b) × k matrix D corresponds to the difference of successive row of the
identity matrix of dimension k: ∆bIk. For practical computation, the problem can be re-
formulated as follows (Eilers and Marx, 1996):

||Y −Xβ||2 + λβTSTSβ =

∥∥∥∥∥
[
Y

0

]
−

[
X√
λS

]
β

∥∥∥∥∥
2

It simply corresponds to the unpenalised least squares problem, hence the model can be
fitted by standard linear regression. An example of spline regression with B-spline and
penalised spline regressionwith P-spline are shown on Figure 3.2. P-splines are extremely
easy to set up and use, and allow a good deal of flexibility, in that any order of penalty
can be combined with any order of B-spline basis.

3.1.3 Penalty, knots location and basis dimension

We now discuss the choice of the penalty parameter λ, the knot location and the dimen-
sionK.
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Figure 3.2: Example of penalised spline regression with a P-spline basis of dimension 15with a penalty difference of order 2, for different values of the penalisation parameter λ.We observe that too high penalties lead to underfitting, and the contrary to overfitting.
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The knots canbedistributed equidistantly over the data interval, or concentrated around
the information in the case of unequal distribution (by using quantiles for instance). For
P-splines, the choice of the knots location is generally equidistant in order to make the
penalty interpretive, since the penalty parameter is the same for the difference of all suc-
cessive knots.
Regarding penalty and dimension, a too high penalty and a too small basis dimension

result to underfitting, whereas a too small penalty and a too large basis lead to overfitting.
It is therefore important to find a trade-off between bias and variance. Kim and Gu (2004)
showed that the basis size should scale as 10n 2

9 , where n is the number of observation.
However, it is important to note that the exact size of the basis dimension is not really
critical, since the smoothing parameter controls the actual effective degrees of freedom.
The basis dimension is a mere upper bound to the flexibility of the function.

Generalized Cross Validation (GCV)

The smooth penalty parameter λ can be estimated by cross validation. This method con-
sists in separating the data into k sub-parts, and successively using one part for testing
and the others for training. The error metric of each sub-model on the test data are then
averaged to get the Cross Validation (CV) criterion. In case k is equal to the number of
data n, the Leave One Out Cross Validation (LOOCV) is computed as:

LOOCV =
1

n

n∑
i=1

L(yi, f−i

β̂
(xi))

where f−i

β̂
is the function estimated on all the data excepted xi and L is a loss function

(e.g. squared error loss, absolute error, indicator function). To get the best parameter
λ, the simplest way is to compute the LOOCV on a grid of λ values, and choose the
one which gives the lowest LOOCV error. But this method can be very time consuming,
since it requires the training of n × the size of the grid search models. However, in case
of penalised regression, calculating CV by performing n model fits is unnecessary. The
GCV criterion can be used, which is approximately equivalent to LOOCV and can be
derived from the model fit and the whole data set (proof in Golub et al. 1979) :

GCV =
n||Y −Xβ̂||2

(n− tr(A))2

whereA is the influencematrix (or hatmatrix) of themodel (Equation 3.2): A = X(XTX+

λS)−1XT . An example of the influence of the λ parameter is show in Figure 3.2.
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3.1.4 Multidimensional penalised regression

The penalised spline regression theory can be generalised to multidimensional smooth-
ing. Here, we illustrate the two-dimensional case (Marx and Eilers, 2005; Wood, 2006;
Dierckx, 1995; Durban et al., 2002). The objective now is to estimate a function f such
that:

yij = f(xi, zj) ∀i ∈ 1, ..., n1 and ∀j ∈ 1, ..., n2

To do so, we choose a basis for each axis (not necessary the same) (b1(x), .., bKx(x)) and
(a1(z), .., aKz(z)):

fδ(x) =

Kx∑
i=1

δibi(x) fα(z) =

Kz∑
j=1

αjaj(z)

A two dimensional function is then obtained by multiplying each coefficient of each basis
term to term (tensor product):

fβ(x, z) =

Kx∑
i=1

Kz∑
j=1

βijbi(x)aj(z) with βij = δi × αj

This function can be written in a matrix format: fβ((x1, ..., xn1), (z1, ..., zn2)) = Xβ

with: β ∈ R(Kx×Kz), X ∈ R(n1×n2)×(Kx×Kz)

Xi = Xxi ⊗Xzi, where ⊗ represent the kronecker product, and Xi the ith row of X

Xxi = (b1(xi), ..., bKx(xi)), Xzi = (a1(zi), ..., aKz(zi))

A specific penalty may be applied to each axis:

min
β

||Y −Xβ||2 + λxβ
TPxβ + λzβ

TPzβ

min
β

||Y −Xβ||2 + βTSβ with S = λxβ
T P̃xβ + λzβ

T P̃zβ

and P̃x = Px ⊗ IKz P̃z = IKx ⊗ Pz , where IK is the identity matrix of dimension K.
This brings us back to a similar 1D optimisation problem as in Equation 3.2. Examples of
2-dimensional B-spline basis built with the tensor product are shown in Figure 3.3.

45



x

0.0

0.5

1.0
z

0.0

0.5

1.0

0.0

0.2

0.4

x

0.0

0.5

1.0

z

0.0

0.5

1.0

0.0

0.2

0.4

Figure 3.3: 2D B-spline consisting of a single (left) or 9 (right) basis functions, with equidis-tant knots between 0 and 1.

3.2 Statistical learning for biomarker discovery

The objective of biomarker discovery is to find a significant feature subset with optimal
predictive properties (see the section 1.1.1). The pre-processing of data from volatolomics,
or more generally metabolomics, usually provides hundreds of features for one sample,
resulting in a data table with a high feature over sample ratio, and incomplete, noisy, and
collinear data structures (Trygg et al., 2007a). Classification methods with feature selec-
tion and reduction of dimension are therefore needed to avoid over-fitting and prediction
variability. In addition, clinical studies are often designed as longitudinal data, with multi-
ple measurements of the same individual over time, to increase the statistical power.
We therefore present in this section state of the art methods to address these three is-

sues: classificationmodels in the case of dimensions greater than the number of samples,
feature selection methods and time course modelling.

3.2.1 Classification

We denote the random variables Y ∈ {0, 1} andX = (X1, ..., Xp), and their observations
y = (y1, ..., yn)

T a n× 1 vector andX = (x1, ...,xp) a n× pmatrix with xi = (x1i , ..., x
n
i )

T ,
where X are the predictor variables and y the response. We suppose that p > n. We
want to construct a decision rule from the observations that enables to predict Y . To do
so, we search for a prediction function Ŷ (x) that minimises the risk function for classifi-
cation P (Ŷ (X) ̸= Y ). We describe hereafter four reference supervised machine learning
approaches adapted to high dimension, namely Elastic Net, Random Forest, Support Vec-
tor Machine (SVM) and Partial Least Squares - Discriminant Analysis (PLS-DA). In addition,
we present associated feature selectionmethods, either based on the ranking of features
according to their contribution to the prediction (Random Forest, PLS-DA, SVM), or based
on integrated sparse constraints (Elastic-Net). Furthermore, hypothesis testing to discrim-
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inate two classes are introduced.

Elastic Net

The Elastic Net model, developed by Zou and Hastie (2005), is a regularised logistic re-
gression that linearly combines the L1 and L2 penalties of the lasso (Tibshirani, 1996) and
ridge (Hoerl and Kennard, 1988) regression. It is particularly useful when the number of
predictors is much larger than the number of observations, because it includes variable
selection within the model-building procedure by setting the smallest coefficients to zero
(unlike ridge regression). In addition, if a group of variables is highly correlated, and one
of the variables is selected, the whole group is automatically included (see below), which
is not the case in the lasso approach.
The model assumes that Y follows a Bernoulli distribution conditional toX , and that:

P (Y = 1|X) =
1

1 + e−(β0+Xβ)
(3.4)

The p + 1 coefficients (β0, β) are then estimated by maximising the (or minimising the
negative) penalised log-likelihood function of the model L(β0, β|y,X) with the LARS-EN
algorithm proposed by Zou and Hastie (2005) based on the Least Angle Regression, which
is similar to forward stepwise regression (see the section 3.2.2), but instead of including
variables at each step, the estimated parameters are increased in a direction equiangular
to each one’s correlations with the residual (Efron et al., 2004):

β̂ = argmin
β

{
−L(β0, β|y,X) + λ1||β||1 + λ2||β||2

} (3.5)

Features which are not selected by themodel get their coefficients set to zero. Interest-
ingly, Zou and Hastie (2005) demonstrate that the two penalties L1 and L2 lead to selecting
‘grouped’ correlated variables, since if two variables i and j have a correlation ρ close to
1, the difference between the coefficient β̂i and β̂j is bounded by (1− ρ).
The parameters (λ1, λ2) are usually tuned by cross validation, in order to find the right

balance between the bias and variance, and to minimise the miss-classification error.
The Elastic Net produces a sparsemodel with a good prediction accuracy, while encour-

aging a grouping effect.

Random Forest

Random forests, introduced by Breiman (2001), are a combination of decision tree predic-
tors, such that each tree is built with a bootstrap sampling of observations and a random
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Predictor Regularisationparameters Ranking featuremetrics
Ŷ (X) =

{
1 if 1

1+e−(β̂0+β̂X)
> 0.5

0 otherwise
penalty coefficients λ1and λ2

absolute values ofnon-zero β̂ coefficients
Table 3.1: Elastic net summary

subset of features, independently and with the same distribution for all trees. The pre-
dicted class is then assigned by a majority vote: each tree provides a class according to its
own classifier, and then the most frequent class from the ensemble of trees is returned.
Random forest is reported as an excellent and fast classifier, with simple theory. Over-

fitting in the case of a higher number of features than observation is prevented by using
different subsets of the training data and different subsets of features for training the in-
dividual trees (Biau and Scornet, 2015). It has already been applied tomanymetabolomics
data in clinical studies aiming at biomarker discovery (Touw et al., 2012; Chen et al., 2013).
Two methods have been proposed to measure the feature importance in the model,

namely the Gini importance (Breiman, 2001) and the permutation accuracy importance
(Seoane et al., 2014). The latter estimates the decrease of the prediction performance
when the values of that variable are randomly permuted within the out-of-bag observa-
tions.
Predictor Regularisationparameters Rankingfeaturemetrics
Ŷ (X) =

{
1 if

∑K
i=1 1Ŷ Ti=1 >

∑K
i=1 1Ŷ Ti=0

0 otherwise
where Ŷ Ti is the prediction of the ith tree of theforest andK is the number of trees

maximum depth of atree in the forest;maximum number offeatures in the leaf(last node of the tree)and number ofvariables to berandomly drawn foreach individual tree

Featureimportance

Table 3.2: Random forest summary

Support Vector Machine

Support Vector Machine (SVM), introduced by Boser et al. (1996); Vapnik (1995), maximise
the distance between the training data set and the decision boundary between two dif-
ferent classes. The underlying hypothesis is that the larger this marge is, the better the
generalisation error of the classifier will be.
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SVMworks well both in situations when the separation between classes is linear or not,
and is effective in cases where the number of dimensions is greater than the number of
samples. Many studies have already demonstrated the potential of SVM for biomarker
discovery in metabolomics and mass spectrometry data (Marchiori et al., 2006; Mahade-
van et al., 2008; Heinemann et al., 2014).
In this section, the observed responses yi will be assumed to be in {−1, 1}. The sepa-

rating hyperplane (or decision function)D(x) is formulated as a function of a KernelK:

D(x) =
n∑

j=1

αjK(xj , x) + b (3.6)

Kernel functions represent dot products in the feature space. They enable the algo-
rithms to be used in a feature space without explicitly carrying out computations within
that space. According toAronszajn (1950), kernels canbewrittenK(x, x′) =

∑N
i=1 ψi(x)ψi(x

′),
with ψ any function of an Hilbert space andN the kernel dimension. Equation 3.6 is thus
equivalent to:

D(x) =
n∑

j=1

N∑
i=1

αjψi(xj)ψi(x) + b

D(x) =

N∑
i=1

wiψi(x) + b with wi =

n∑
j=1

αjψi(xj)

(3.7)

α are called dual parameters, w direct parameters, and b the bias. To estimate them, the
margin between the class boundary and the training points is formulated in the direct
space of Equation 3.7, by maximising the normalised distance of any training point x to
the hyperspace: d(x,D) = D(x)

||w|| . This is equivalent tominimising ||w|| under the constraint
that the observation x is assigned to the good class, i.e. sign(D(xi)) = sign(yi):

min ||w||2

s.t. yiD(xi) ≥ 1 ∀i
(3.8)

This problem is then transformed into the dual space by using the Lagrange multiplier
method. This results in a quadratic optimisation problem with linear constraints. The lat-
ter can be easily resolved by numeric optimisation algorithms such as descent methods.
A regularisation parameter λ may be added to the dual optimisation problem on the

α coefficient. This approach, called Kernel Ridge Regression (Saunders et al., 1998), was
designed to reduce over-fitting resulting from the “curse of dimensionality”.
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Predictor Regularisation parameters Ranking feature metrics
Ŷ (X) = sign(ŵTψ(X) + b̂) regularisationparameter λ values of w incase of a linearkernel

Table 3.3: SVM summary

Partial Least Square - Discriminant Analysis (PLS-DA)

Partial Least Squares regression (PLS) is a dimension reduction technique based on latent
variables that maximises the covariance with the response (in contrast to principle com-
ponent analysis, which maximises the variance of the components; Wold et al. 2001). It
was developed in the late 60s by Herman Wold, and later applied by his son Svante Wold
to high dimension andmulti-collinear datasets (Wold et al., 1984; Brereton and Lloyd, 2014;
Fordellone et al., 2018). It finds a linear regression model by projecting the predicted vari-
ables and the observed variables into a new space. PLSwas later extended to classification
problems by using a dummy matrix Y as the response (Barker and Rayens, 2003).
In parallel, Trygg and Wold (2002) proposed to include within the PLS algorithm an or-

thogonal signal correction filter to remove systematic variation in the predictors (i.e. vari-
ation from X that is not correlated to Y). The resulting model, called Orthogonal Partial
Least Squares (OPLS), has similar performances compared to PLS, but facilitates interpre-
tation. In particular, OPLS models of a 1-dimension y response have a single predictive
component (Trygg and Wold, 2002). Due to its ability to perform well with high dimension
and multi-collinear datasets, the PLS approach is very popular in metabolomics (Trygg
et al., 2007b), e.g. for mass spectrometry, nuclear magnetic resonance, or near-infrared
data.
In the classical multi-linear modelling Y = Xβ + ϵ, the least square solution is β̂ =

(XTX)−1XTy. In cases where the number of predictors is larger than the number of
observations, or when multi-collinearity is present, theXTXmatrix becomes singular.
PLS solves this problem by decomposing the data matrix X and the response y into

k orthogonal scores (components) in the form of a (n × k) matrix T, and two loading
matrices P andQ, of respective dimensions (p× k) and (1× k):

X = TPT + ϵ

y = TQT + ν
(3.9)

where ϵ and ν are error vectors of independent and identically distributed random nor-
mal variables. A weight matrixW (p× k) is then defined as:
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T = XW(PTW)−1

and by substitution into Equation 3.9, the model becomes:

y = XW(PTW)−1QT + ν

The majority of the PLS algorithms (such as NIPALS for non-linear iterative partial least
squares; Wold et al. 2001) estimate the components iteratively and are numerically stable
(Andersson, 2009).
To measure the role of the original variables in the model, Wold et al. (2001) proposed

the Variable Influence on Projection metric (VIP):

V IP 2
m = p×

∑k
j=1w

2
mj × SSYj∑k

j=1 SSYj
(3.10)

for themth variable, where SSYj is the sum of squares of y explained by component j,
and k and p are the number of components and features, respectively.
To overcome the problem of high dimension, Sparse PLS (sPLS; Cao et al. 2011) perform

simultaneous variable selection, including the LASSO penalisation on loading vectors of
the matrix P andQ to reduce the number of original variables.
Finally, the optimal number of components, k, is generally selected by cross validation

based onQ2, AIC , orBIC criteria (Wold, 1978; Kvalheim et al., 2018; Nengsih et al., 2019).
Szymańska et al. (2012) also proposed permutation test in addition to cross validation,
based on the random permutation of the response. The model obtained are expected to
be less efficient than with original (non permuted) data.

Predictor Regularisation parameters Ranking feature metrics
Ŷ (X) = XŴ (P̂ T Ŵ )−1Q̂T Number ofcomponents Variable Influenceon Projection (VIP)

Table 3.4: PLS summary

Hypothesis testing

Hypothesis testing is commonly used either for dimension reduction (Saccenti et al., 2013),
or for binary classification Li and Tong (2020), as it provides a mathematical framework
to infer the difference of behaviour of each feature Xk between several groups. We first
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present Hypothesis testing as a classification method.
Let Xk

0 = Xk ∩ (Y = 0) (respectively, Xk
1 ) the kth explanatory feature when Y = 0

(respectively, Y = 1). The test is called parametric if a probabilistic law is used for Xk
1and Xk

0 , and non-parametric if there is no assumption of such a law. A statistical test is
defined by two opposite hypothesesH0 (null hypothesis) andH1 (alternative hypothesis).
The critical region Rα(x), a sub-set of observations leading to the H0 to be rejected, is
defined for a significance level α such that: PH0(X ∈ Rα(x)) ≤ α, where PH0(X ∈ Rα)

is the probability to reject H0 under the H0 hypothesis (Type 1 error; Taeger and Kuhnt
2014).
The p-value is then defined as the minimum probability to reject wronglyH0:

p = inf{α; s.t x ∈ Rα}

The smaller the p-value, the higher the evidence against H0 (conversely, however, a p-
value close to 1 does not mean that there is strong evidence in favour ofH0). The p-value
thus reflects only the non-matching toH0 (Thiese et al., 2016). We describe here two tests:

• Student’s t-test:
The t-test (Student, 1908) is a parametric test, with assumption of normality: Xk

0 ∼
N (µ0, σ

2) andXk
1 ∼ N (µ1, σ

2). The test is then formulated as follows :

H0 : µ0 = µ1 vs H1 :


µ0 ̸= µ1 bilateral
µ0 > µ1 unilateral
µ0 < µ1

Let us denote X̄ the empiric mean of theXk
i underH0: we have√n X̄−µ0

σ ∼ N (0, 1),
and, according to Cochran theorem, (n−1) σ̂

2

σ2 ∼ χ2
n−1 with the estimator of variance

σ̂2 = 1
n−1

∑n
i=1(Xi − X̄)2. We end up comparing the t-statistic to the T (n − 1)

Student’s law with n− 1 degree of freedom:

Z =
√
n
X̄ − µ0√

σ̂
∼ T (n− 1) (3.11)

• Wilcoxon-Mann-Whitney test
A commonly used non-parametric counterpart of the t-test is the Wilcoxon - Mann-
Whitney test (or Mann – Whitney U test; Wilcoxon 1945), which is based on ranks.
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Under the null hypothesisH0, the distributions of both populations are equal:

H0 : P (X
k
0 < Xk

1 ) = P (Xk
1 < Xk

0 ) =
1

2
vs

H1 :


P (Xk

0 < Xk
1 ) ̸= 1

2 bilateral
P (Xk

0 < Xk
1 ) >

1
2 unilateral: Xk

1 greater thanXk
0

P (Xk
0 < Xk

1 ) <
1
2 unilateral: Xk

1 lower thanXk
0

No assumption of the probabilistic law for Xk
i is required: only the ordered values

of the observations (xk1, ..., xkn) are used. Let us note the statistic U0 =
∑
ri the sum

of ranks of the xki for yi = 0, and U1 the sum of ranks for yi = 1. UnderH0, Xk
0 and

Xk
1 have the same distribution, as well as U0 and U1. The distribution of the sum of

ranks can then be asymptotically approximated by a normal distribution (Mann and
Whitney, 1947; Iman, 1974). This test can be used even if the observations of the two
classes are of different sizes, and it can be also adapted to paired data (Wilcoxon,
1945).

To select features with a significant difference in means (or medians) between the
two groups, all features are first tested independently, resulting in a vector of p-values
(p1, ..., pp). A correctionmust then be applied to the results of thesemultiple tests (Burger,
2017), since using the α threshold directly for each pj would result in a global increase of
false positives: in the case of p independent comparisons, the number of false positives,
or Family-Wise Error Rate (FWER) is 1 − (1 − α)p. A mean of controlling the FWER (i.e. of
controlling the probability of at least one Type 1 error) is to use the α/p threshold for each
test (Bonferroni correction).
A less stringent criterion is usually applied in omics studies, which focuses on controlling

the False Discovery Rate (FDR), i.e. the expected proportion of "discoveries" (rejected null
hypotheses) that are false. In particular, Benjamini and Hochberg (1995) demonstrated
that selecting features such that p(i) < i

pα
∗ controls the FDR to α∗ (where p(i) are the

ordered p-values, i the rank, and p the number of features).

3.2.2 Feature selection

Feature selection consists in selecting a subset of relevant features used for a predictive
model. A high number of features in a data set, larger than the number of samples, leads
to model over fitting. Furthermore, selecting themost promising candidates between the
first untargeted step and the subsequent validation phases is critical in the biomarker
pipeline (section 1.1.1).
Methods for features selection can be classified in three categories (Jović et al., 2015):
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• Filtermethods: select variables before building themodel, based on a criterion inde-
pendent from the performance of the classification algorithm, such as the p-value
from statistical hypothesis tests (correlation, Chi-square), or multivariate metrics
(e.g., Variable Importance), and a fixed threshold

• Embedded methods: select features during the building of the model; examples
include regularisation models (Lasso, Elastic Net), or variant algorithms from SVM
(Weston et al., 2000), and RF (Genuer et al., 2010).

• Wrapper methods: train a model iteratively with several subsets of features, and
select the one that gives the best predictive performance. The most known sub-
setting strategies are: (i) forward selection, starting with an empty feature set, and
then adding one or more features at each iteration, (ii) backward elimination, start-
ing with the whole feature set, and removing one or more features, (iii) bidirectional
selection (stepwise), from an empty set or from the whole set, simultaneously con-
sidering larger and smaller feature subsets, or (iv) heuristic selection, that generates
a starting subset based on a heuristic (e.g. a genetic algorithm), and then explores
it further.

On the one hand, filter methods are the fastest and the simplest approaches. However,
since the filtering is performed before the training of themodel, the selected featuresmay
not be optimal for the classifier performance. In addition, the choice of the threshold is
arbitrary. On the other hand, embedded methods usually achieve good prediction per-
formances, while still being computationally efficient. They are, however, specific to a
single type of classifier, which may be a limitation when one wants to compare several
approaches with distinct mathematical backgrounds (to maximise the chance of finding
an optimal classification).
Thewrapper feature selectionmethods are then a good trade-off. One of them is recur-

sive feature elimination (RFE). It has been applied successfully to severalmachine learning
algorithms, including SVM (Guyon et al., 2002; Sanz et al., 2018), RF (Granitto et al., 2006),
and PLS (Sahran et al., 2018). It is a backward recursive process, which iteratively ranks
features according to a measure of their importance (related to the algorithm used) and
removes the weakest one(s). There are several possible stopping criteria, such as: run
until the feature subset is empty, or until the model performance reaches a threshold, or
until the performance does not improve from one iteration to the next.
A limitation of RFE is that the selection criterion is based on the classifier performance

only: the added-value of including a particular group of features instead of noise into the
model (i.e. the statistical significance of the selection for the model performance) is not
evaluated. Rinaudo et al. (2016) therefore proposed a wrapper algorithm based on ran-
dom permutation of feature intensities within the test subsets (obtained by resampling),
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to assess the significance of the features on the model performance.

Performance metrics for binary classification models

• Confusion matrix: summary table of the prediction results; correct and incorrect
predictions are highlighted and divided by class.

Predicted
Positive Negative

Act
ual Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)
• Accuracy: global prediction of the model. It is a valid choice of evaluation for clas-
sification problems which are well balanced:

Accuracy =
TP + TN

number of samples (3.12)

• Sensitivity (or recall, or true positive rate, or power): percentage of true posi-
tives which are well predicted; it reflects the ability to detect the disease among ill
patients

Sensitivity =
TP

TP + FN
(3.13)

• Specificity (or true negative rate): percentage of the true negative which are well
predicted; it reflects the ability reject the disease status among healthy individuals

Specificity =
TN

TN + FP
(3.14)

• AUC, area under the Receiver Operating Characteristic (ROC) curve: the ROC
curve displays the sensitivity against (1− specificity); the AUC indicates how well the
probabilities from the positive class are separated from the negative class. Thus,
AUC values above 0.5 indicate better prediction performances than a random guess
(a value of 1 corresponding to a perfect classifier)

• Log Loss (or logistic loss, or cross-entropy loss): when the output of a classifier is a
prediction probability p, it measures the uncertainty of themodel. In the case of two
models with equal accuracies, it will favour the model that predicted probabilities
which distinguish more strongly the classes. It is useful to compare models on the
basis of their probabilistic outcome (the lower the Log Loss value, the better the
prediction).
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Log loss = −
n∑
i

(yilog(pi) + (1− yi)log(1− pi)) (3.15)

3.2.3 Time-course modelling

In this section we seek for modelling longitudinal data, where individuals are measured
repeatedly thought time, in contrast to cross-sectional data where only a single response
is available for each person. This is a common problem in clinical analysis, when we want
to study the effect of a pathology or a treatment over time.
Let y(tij) be a response variable obtained for an individual i at different time levels j

and possibly under changing experimental conditions (eg. treatment administered from
a date, change of climatic conditions), and ci be a categorical variable (we restrict our-
selves here to the number of 2 classes of patients). We want i) to model y as a function
of time by taking into account the individual effects, and ii) to test if there is a different
evolution between the two groups in time. This could results in unbalanced data sets,
and general multivariate models are not suitable for this analysis due to the covariance
structure between individual measurement (all observations are not independent).
Mixed-effectmodels (Harville, 1977; Laird andWare, 1982; Demidenko, 2004; Galecki and

Burzykowski, 2013; Pinheiro andBates, 2000) arewell suited for the analysis of longitudinal
data, because they include multilevel random effects (which allow data from the same
individual to be combined) and explicit modelling and analysis of between and within
individual variation. Thesemodels are primarily used to describe relationships between a
response variable and some covariates in data that are grouped according to one ormore
classification factors. Examples of such grouped data include longitudinal data, repeated
measures data, multilevel data, and block designs.

Mixed effect model

Mixed-effects model are defined as follows:
y(tij) = f(tij)︸ ︷︷ ︸fixed effect

+ gi(tij)︸ ︷︷ ︸random effect
+ ϵij , ϵij ∼ N (0, σ2) iid

This means that there is a common mean longitudinal response across all individuals
(fixed effect f ) and an individual-specific deviation from this mean curve (random effect
gi). To illustrate and demonstrate the proprieties ofmixed-effectsmodels, let us start with
the linear case.
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Figure 3.4: Comparison between classical linear modelling (left panel; all points are con-sidered independent), and linear mixed-effects modelling as in Equation 3.17 (right panel;points of the same individual are connected). As evidenced with these simulated data,the two models lead to opposite conclusions (Simpson’s paradox).

Linear Mixed Effect model (LME)

Laird and Ware (1982) define linear mixed-effects (LME) as:
yi = Xiβ + Zibi + ϵi ϵ ∼ N (0, σ2In) bi ∼ N (0,D) b ⊥⊥ ϵ (3.16)

• yi: ni × 1 vector of responses of the ith individual
• Xiβ: fixed effects of p covariates, with β the p× 1 vector of unknown parameters
• Zibi: random effects of k factor withZi the ni×k designmatrix between the factors
and the ni observations, and bi the k × 1 random vector of covarianceD

• ϵi: within-individual error term with independent and identically distributed com-
ponents

The bi are supposed to be independent from each other and to ϵi. If all ni are not equal,
the model is called unbalanced.
A comparison between classical linear modelling and linear mixed-effects modelling is

illustrated on Figure 3.4, with one factor random constant effect:
y(tij) = β0 + β1tij + bi + ϵij bi ∼ N (0, τ2) ϵij ∼ N (0, σ2) (3.17)

To make the analogy with Equation 3.16, Zi is equal to the ni × 1 vector of repeated 1

values, bi correspond to the random deviation from the fixed effect for the ith individual
andD is the variance parameter noted τ2. The hypothesis here is that the random effect
is constant in time, and τ2 represents the variation between individuals.
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Estimation of parameters

Parameters of Equation 3.16 (β, b, θ) with θ = (σ2, D) could then be estimated by max-
imising the likelihood L(β, b, θ) of the model 3.16, which can be written as follows:

yi = Xiβ + νi νi = Zbi + ϵi ∼ N (0,Σθ) Σθ = ZiDZT
i + Iσ2 (3.18)

Parameters are then be estimated iteratively with either the EM (Expectation - Max-
imisation) or the Newton–Raphson algorithm. But since the ML variance estimator σ̂2 is
biased, Patterson and Thompson (1971) and Harville (1977) have proposed to reduce this
bias with the Restricted Maximum Likelihood (REML) estimators. The latter is obtained
by maximising the likelihood, not of all the data, but rather by the average of the like-
lihood over all the possible values of β : ∫ L(β, b, θ)dβ. This method could also have a
Bayesian interpretation, corresponding to assuming a locally uniform prior distribution
for the fixed effects β (Laird and Ware, 1982). This method provides estimations for the θ̂
and β̂(θ̂), b̂(θ̂). The derivation of ML and REML estimators are detailed and discussed by
Laird and Ware (1982).

Testing hypotheses for the fixed effects

To assess the significance of longitudinal evolution between two groups of individuals, a
binary variable c is added to the fixed effects, and we test if the related β coefficient(s)
are different from zero. Using the formulation of model in Equation 3.16, it is equivalent
to testing:

H0 : Gβ = 0 H1 : Gβ ̸= 0 (3.19)

where G is a r×pmatrix and r is the number of coefficients tested as different from zero.
The Likelihood Ratio test compares the log likelihood of the both models (H0 and H1).

However, as explained by Pinheiro and Bates (2000), likelihood ratio tests are not valid
when comparing LME models with different fixed effects fitted using REML, since there is
a term in the REML criterion that changeswith the change in the fixed-effects specification.
In contrast, the F-test, which is similar to likelihood ratio test, relies on a single model

for comparison (assuming that the variables not common to bothmodels are zero). In the
classical linear model, we have the following results which follows from the Wald statistic
(Galecki and Burzykowski, 2013; Scheipl et al., 2008):

F =
(Gβ̂)T (G ˆVar(β)GT )−1Gβ̂

r
∼ F(r, df)
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Figure 3.5: Results of the two F-tests (T1) and (T2) on three simulated datasets. Pointsbelonging to the same subject are connected with lines, and the straight lines withoutdots represent the fixed effects estimated for each group. The p-value of the tests areindicated.

where df is the degree of freedom of the model (n− p in the classical linear case) and F
represents the Fisher law. In LME models, we have ˆVar(β) = (XTΣ−1

θ̂
X)−1, where ˆVar(β)

is the estimated variance of the fixed effects parameter β, conditional to the estimated
ML or REML random effect variance-covariance parameters θ̂. Satterthwaite (1946) and
Kenward and Roger (1997) have proposed methods for the computation of df and the ap-
proximation of the Fisher distribution.

Three examples are shown in Figure 3.5, with the following test applied:

y(tij) = β0 + β1tij + β2ci + β3tijci + bi + ϵij

• H0 : β2 = 0 H1 : β2 ̸= 0 tests only if there is a difference of value at t = 0 (intercept)
between the two groups (T1) (G = (0, 0, 1, 0))

• H0 : β3 = 0 H1 : β3 ̸= 0 tests a difference of slopes between the two groups (T2)
(G = (0, 0, 0, 1))

• H0 : (β2, β3) = 0 H1 : (β2, β3) ̸= (0, 0) performs a multiple test for both slope and
intercept with G =

[
0 0 1 0

0 0 0 1

]

Non-linear mixed-effects models with penalised spline regression

If there is no a priori regarding the shape of the response y with time, the penalised
spline regression presented in section 3.1 can be conveniently used for mixed-effects
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modelling, thereby connecting non parametric mixed-effects modelling and linear mixed-
effects modelling. Let us note (B1, ..., BK) a base of smooth functions of dimension K;
the following model is equivalent to model 3.16:

yi =

K∑
k=1

βkBk(ti) + bi + ϵi

yi = Xiβ + bi + ϵi

whereXi is a ni×Kmatrix corresponding to (B1(ti), ..., BK(ti)), and ti the ni×1 vector
of time points for individual i.
A penalisation may be applied to the smooth fixed coefficient β:

P = λβTSβ

with S a positive semi-definite matrix. The least square problem then becomes:

||y −Xβ − Zb||+ λβTSβ

The S for P-splines is explained in section 3.1.2. By using the eigen-decomposition, S =

UDUT , where U is an orthogonal matrix of eigenvectors, andD is a diagonal matrix, the
model can be re-parameterised (Wood, 2006; Lee et al., 2013) to get to amodel of the form
at equation 3.16. Estimation of parameters is then equivalent.
Testing hypotheses on the fixed effect can then be performed using a Fisher test as

described above (an example of a non-linear mixed model is shown on Figure 3.6):

y(tij) = β0 +

K∑
k=1

βkbk(tij) + (α0 +

K∑
k=1

αkbk(tij))× ci + bi + ϵij

• H0 : (α1, ..., αK) = 0 vs. H1 : (α1, ..., αK) ̸= 0 tests if the two groups have the same
trend in time or not, without any a priori knowledge on this trend (T3)
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Chapter 4

Design and implementation of
innovative methods for the
processing of PTR-TOF-MS data:
ptairMS

Existing PTR-TOF-MS pre-processing tools are particularly suited for the analysis of very
large files resulting from continuous environmental monitoring, including robust pic pick-
ing methods in the m/z dimension, but poor temporal signal treatment as described in
section 2.2.4. Furthermore, there are specific needs for breath research in patient cohorts
which have to be covered, for instance, the simultaneous analysis of multiple samples
requires that peak lists from different samples may be aligned; in addition, the parallel
processing of several files would be a time-sparing capability; furthermore, a correct dis-
tinction of the signals coming from the background and the expiratory phases is needed;
finally, implementing a background correction of the ambient air composition as a func-
tion of time would be an asset for accurate peak detection and quantification.
We therefore developed a suite of algorithms for the processing of PTR-TOF-MS data

fromexhaled breath, based on an innovative 2Dmodel based on P-splines regression that
enables a precise estimation of the peak evolution over the acquisition time, and integrat-
ing several tools for cohort management in an R package, called ptairMS. It takes as input
the name of the directory containing the raw files in HDF5 format and ultimately gener-
ates the samples by variables table of peak intensities. The main steps of the workflow
are summarised below (Algorithm 1) and detailed in the following section:

1. Processing of each file
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1.1 Internal calibration of the m/z axis
1.2 Determination of expiration limits
1.3 Detecting peaks on the TIS
1.4 Estimating the temporal evolution for each peak
1.5 Quantifying
1.6 Statistical testing of intensity differences between ambient air and expiration

phases
2. Alignment between samples followed by quality control

2.1 Peak matching between samples
2.2 Filtering features based on reproducibility within the whole cohort or sample

classes and on the p-value from the test in 1.6
3. Imputation of missing values
4. Putative annotation (including isotopes)
5. Peak table update when new files are included in the input directory

4.1 Pre-processing for each file

4.1.1 Calibration

Calibration converts the Time-of-Flight (TOF) values recorded by the mass spectrometer
into m/z values (see section 2.2.1). We used the formula proposed by Brown and Gilfrich
(1991):

m/z =
(tof − b)2

a

To estimate the parameters (a, b), the Levenberg-Marquardt algorithm is used, with cou-
ples (tof,m/z) of reference peaks without overlap. For exhaled breath, we suggest to
use the following peaks: the primary ion isotope (m/z 21.022), nitrogen (m/z 29.013), the
acetone isotope (m/z 60.053), and the two external calibration ions from the instrument:
(iodobenzene m/z 203.943, and diiodobenzene m/z 330.850).
As a drift over time is observed due to low changes of temperature, calibration is per-

formed periodically (e.g. every minute) to update the (a, b) values. The shift is subse-
quently estimated for eachm/z as a function of time by linear interpolation, and corrected
locally (for each nominal mass ±0.4) before peak detection.
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Algorithm 1: ptairMS workflow
Data: Directory of HDF5 file (optional: sample metadata csv file)
forall file not processed in the directory do(1.1) Multiple internal calibration along time(1.2) Expiration and inhalation phases detectionCompute peak shape, resolution on calibration peaks, and amount of primaryions
endManual check
forall file checked in the directory do

forall nominal massm doReduce raw data aroundm± 0.4 and correct the calibration shift(1.3) Peak detection on the TIS
forall peak detected do(1.4) Estimating the temporal evolution of each peak with 2D model(1.5) Statistical testing between exhaled breath and ambient airintensities(1.6) Quantifying in exhaled breath phases
end

end
Result: Individual peak list

end(2.1) Peak matching between samples(2.2) Filtering features
forallmissing featuresm/z do(3) Imputation by returning back to raw data
end(4) Putative annotation (including isotopes)
Result: Peak table, sample and features metadata
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Figure 4.1: Expiration phases and ambient air detection on ion trace intensities in countper second (cps).
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4.1.2 Expiration detection

Determination of expiration limits and background (ambient air) is a very important step
for the analysis, as boundaries will be used for quantification and for the statistical test for
feature selection in section 4.1.5. A raw data ion trace is used to automatically detect expi-
rations, using the same method as described by Schwoebel et al. (2011); Trefz et al. (2013):
after a polynomial baseline removal, the signal above fracMaxTIC×max(trace) is consid-
ered as expiration (Figure 4.1). Conversely, the signal below fracMaxTICBg ×max(trace)
is considered as background (inhalation phases). In addition, differences between succes-
sive points in expiration (respectively, inhalation) phasesmust be lower than derivThresholdExp
(respectively, derivThresholdBg). All parameters from theptairMS software are described
in Table 4.2.
Finally, to assist the user in this important step, we have designed a specific panel from

the graphical interface of our software tool to the visualisation (and possiblemanualmod-
ification) of the expiration limits (Figure 4.8).

4.1.3 Peak detection and quantification on the Total Ion Spectrum (TIS)

The peak picking (section 1.2.1) algorithm in the m/z dimension is mainly based on Müller
et al. 2013. Since VOCs have low weights (< 500 Da), we detect peaks on the TIS around
nominal masses (±0.4Da). The successive steps are (see Figure 4.2):

1. Baseline removal using the SNIP algorithm (Ryan et al., 1988)
2. Estimation of the noise threshold and auto-correlation within the “off-peak” interval

[m− 0.6,m− 0.4] ∪ [m+ 0.4,m+ 0.6] (Müller et al., 2011)
3. SavitzkyGolay (SG) signal filtering by using optimalwindows (Vivo Truyols and Schoen-

makers, 2006; Savitzky and Golay, 1964)
4. Detection of localmaxima by using the first and second derivatives of SG smoothing,

followed by quality control on peak separation (in ppm) and intensity threshold set
to the maximum between a) the noise threshold, b) min intensity parameter, and c)
1% of the signal maximum

5. Peak deconvolution, by using a peak function depending on the vector parameters
µ (peak centre), σl, σr (peak widths at half maximum, left and right from the peak
centre), and h (peak height):

min
µ,σl,σr ,h

||ỹ −
P∑
i=1

hi × peakµi,σl
i,σ

r
i
(m)||2 (4.1)
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Figure 4.2: Peak detection on the Total Ion Spectrum (TIS) around nominal masses. Forillustrative purposes, we focus on m/z 38 for baseline correction (1-2) and m/z 79 for de-convolution (3-6). We used the sech2 function for deconvolution at steps 5 and 6.

with ỹ the baseline corrected and smoothed signal, and P the number of detected
local maxima. The optimisation is done with the Levenberg-Marquardt algorithm,
with the following initialisation and constraints: σl = σr = σ/2withσ = m/resmean ∈
[m/resmax;m/resmin], µ the local maxima detected at the step 4 above ±σ× 4Da,
and h the values of the spectrum at mass(es) µ (always positive).

6. Iterative peak detection on the residuals (Müller et al., 2011), using the samemethod
as described above, with a decreased noise threshold of 20%. Iterations stop as
soon as one of the following criteria is met: R2 > R2min (default: 0.995), noise auto-
correlation < autocorMax , the maximum number of iterations is reached (default:
4), the maximum number of detected peaks is reached (default: 7).

Peak shape

To find the most suitable peak shape, four asymmetric functions are evaluated on the
calibration peaks, and the one providing the best R2 value is selected: average calibration
peak shape used by Müller et al. (2010) and Holzinger (2015) (see section 2.2.3), the sech2
function (Equation 4.2; Lange et al. 2007), Bi-Gaussian (Equation 4.3), and Lorentzian func-
tions (Equation 4.4; Lange et al. 2007). An example of the peak shape selection is shown
in Figure 4.3.
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Figure 4.3: Asymmetric peak shape functions included in ptairMS with σl = 0.3 and σr =
0.7, in addition to the average peak function obtained from raw data.

sech2(m) = h× 1

cosh(λ(x− µ))2
with λ = λ1 if x < µ λ = λ2 if x ≥ µ (4.2)

g(m) = h× exp−
(x−µ)2

2σ with σ = σ1 if x < µ σ = σ2 if x ≥ µ (4.3)

L(m) = h× 1

1 + λ2(x− µ)2
with λ = λ1 if x < µ λ = λ2 if x ≥ µ (4.4)

4.1.4 Estimating the temporal evolution for each peak

After peak detection on the TIS, the next step aims at estimating the evolution of the peak
intensity over the acquisition time. Current methods, which consist in summing raw data
around detected peak centres (see section 2.2.4) may be biased when there are two or
more overlapping peaks with different temporal evolutions. We therefore proposed a
2D regression approach, using a tensor product between P-splines (section 3.1) and the
previously estimated m/z peak functions.
The P-spline approach is very powerful to model any profile without a priori knowledge

of the data and to provide interpretive coefficients (Eilers and Marx, 2021; Wood, 2006). It
has been used in many applications and theoretical works (Eilers et al., 2015) such as data
smoothing (Currie and Durban, 2002), Bayesian statistics (Gressani and Lambert, 2021),
and machine learning with generalised additive models (GAM; Brezger and Lang 2006;
Wood 2006). To model interactions in multiple dimensions, the tensor product provides

69



a straightforward generalisation of the P-spline basis (Sidiropoulos et al., 2017). Here, we
thus used tensor product modelling to achieve a fast deconvolution of peaks in both m/z
and time dimensions simultaneously, as described below (see Figure 4.4):

1. Raw data are processed sequentially within bands around the detected peaks (the
1% quantile of the estimated mixture of peak functions is used to define the m/z
bounds) and covering the full acquisition time

2. The baseline in the m/z dimension is estimated at each time point by linear regres-
sion between the two m/z boundaries and is subsequently removed

3. The calibration shift estimated in section 4.1.1 is corrected by linear interpolation
4. The modelling of peak evolution with time is performed by using a two dimensional

model:
Let us denote the functions representing the acquisition time g(t) and the m/z pro-
file h(m), respectively:

g(t) =
K∑
j=1

αjbj(t) h(m) =

npeak∑
i=1

hipeaki(m) (4.5)

with peaki(m) being the function of peak i estimated in the previous step (equa-
tion 4.1), npeak the number of detected peaks, and (b1, . . . bK) the cubic B-spline
functions for the set of K knots. The 2D model is obtained by writing each peak
coefficient hi in the B-spline basis (tensor product, section 3.1.4):

fβ(t,m) =

npeak∑
i=1

K∑
j=1

βijbj(t)× peaki(m) (4.6)

The βij coefficients are estimated according to the P-spline theory by minimising
the following penalised regression, where the penalty λ is applied only to the time
dimension:

min
β

T∑
t=1

M∑
m=1

(Ymt − fβ(m, t))
2 + λ

npeak∑
i=1

K∑
j=3

(∆2βij)
2 (4.7)

where ∆2βij = β(i,j) − 2β(i,j−1) + β(i,j−2) is the second order difference between
successive coefficients in the time dimension, i (respectively, j) represents the knots
location on themass (respectively, time) axis,m (respectively, t) represents the index
on the mass (respectively, time) axis, and Y is the raw data matrix of dimensions
M × T after baseline removal and correction of the calibration shift.
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Figure 4.4: Modelling of the VOC temporal evolution, starting from the peaks detected inthe total ion spectrum (1), and resulting in the estimation of a temporal series for each ofthem (5).

5. Quantification (in counts per spectrum) is then performed at each time point t by
summing the previous estimated 2D model along the m/z dimension

cit =

M∑
m=1

K∑
j=1

βij × sj(t)× peaki(m)

This results in a temporal series of intensities for each peak (ci1, ..., ciT ).
The choice of the knot locations and the penalty coefficient λ are very important, since

too many knots may lead to over fitting and too few knots may result in under fitting.

Knots location

Classically, knots are uniformly distributed over the data range in order to facilitate the
interpretation of the penalty applied to the successive knot differences (Eilers and Marx,
1996). In our case, however, i) exhaled breath phases are the main focus of our quantifi-
cation, and ii) inhaled air phases are generally constant. We therefore propose to target
the knot locations mainly around the expiration phases: knots are spread uniformly ev-
ery 3 seconds, except for inhalation phases longer than 3 seconds, where only the first,
middle and last points of the phase are used as knots (Figure 4.5). This allows to reduce
the dimension of the model, and thus the computational time, while maintaining a good
fit (Table 4.1). Alternatively, a uniform distribution of the knots along the time axis is also
available in the ptairMS software, in case the user has no a priori knowledge about the
temporal profile of the compound.
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Figure 4.5: Proposed knots location around expiration

Knots location MPAE global(%) MAPEexpirationonly (%)
ComputationalTime perpeak cluster(s)

Dimension(number ofknots)
Focused on expirations 4.22 4.3 0.16 52Uniform, every 3s 3.62 4.2 0.49 103Uniform, every 5s 5.42 6.2 0.22 62Uniform, every 10s 8.24 9.5 0.09 32
Table 4.1: Comparison of knots location: Our “expiration targeted” strategy was comparedto uniform knot locations on 4,930 simulated peaks (please see the section 5.2.1 for thedescription of our simulation methodology). The following metrics are computed: MeanAbsolute Percentage Error on the temporal profile estimation (MAPE; computed eitheron the full acquisition or on the expiration phases only), computational time, and totalnumber of knots, correlated with the previous one. The results displayed above showthat the proposed knot locations focused on expirations is a good trade-off between fitquality and computational time.
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Penalty coefficient

The optimal penalty coefficient λ is selectedwith a grid search using the generalised cross-
validation criterion (GCV; section 3.1.3). Since the penalty is set only to the time dimension,
the GCV criterion is not computed from the 2D model, but from the 1D spline regression
on the total time trace of the raw data band (containing the mixture of peaks), to reduce
computational time.

4.1.5 Quantification

As presented in the introduction, PTR ionisation enables to compute "absolute" quanti-
ties. Here, we thus describe how the times series for each peak i, (ci1, ..., ciT ), are nor-
malised and converted to absolute quantities (Qi

1, ..., Q
i
T ). First, since the intensities pro-vided by the instrument at each time point are in fact the sum of a fixed number of in-

ternal acquisitions, the cit are normalised (as counts of ions per second; cps) by dividing
by the integrated internal time period and by multiplying by the single ion pulse voltage
(Müller et al., 2014). To obtain the concentration, the latter values are then normalised
by the reagent ion (H3O

+) intensities, the reaction rate coefficient between the VOC and
H3O

+, and the residence time of the primary ions in the drift tube (normalized cps, ncps)
(Cappellin et al., 2012a). The final normalisation by the density of the air in the reaction
chamber (ideal gas law) gives the absolute concentration of the VOC, expressed in part
per billion (ppb) (section 2.2.5).
The final absolute concentration of each VOC i in exhaled breath is obtained by aver-

aging absolute quantities in the expiration phases:

Qi =

∑
t∈expQ

i
t

|exp|

where |exp| corresponds to the number of expiration points.

Ambient inhaled air correction

As discussed in section 1.3.2, inhaled air may impact exhaled breath concentrations. To
correct the ambient inhaled air level in exhaled breath, we thus propose to subtract the
ambient air baseline from the temporal profile (Qi

1, ..., Q
i
T ) of each detected VOC beforeaveraging in exhaled breath phases: to do so, a polynomial fit of default degree 3 com-

puted on the ambient air time points is used. Note that the subtraction step may be
omitted in particular cases, as detailed in the discussion.
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4.1.6 Statistical testingof intensity differencesbetweenexpirationandam-
bient air phases

Twounilateral statistical tests (t-tests) are used to compare intensities within and between
expirations on the estimated temporal evolution (Figure 4.4, panel 5; see the statistical
test section 3.2.1). Compounds with intensities that are significantly higher (respectively,
lower) within expiration phases are considered to be from exhaled breath (respectively,
from ambient air). If none of the tests is significant, the compound is labeled as “con-
stant” (e.g. in the case of internal ions generated by the instrument). The significance is
evaluated with the p-value.

H0 : Q
i
t∈exp = Qi

t∈amb

ifH1 : Q
i
t∈exp > Qi

t∈amb is significant : exhaled breath
ifH1 : Q

i
t∈exp < Qi

t∈amb is significant : ambient air
if none is significant: constant

(4.8)

4.2 Alignment between samples followed by quality control

4.2.1 Peak matching

Once the peak lists have been extracted from each file, alignment of the features be-
tween the samples (section 4.6) is performed by using a kernel Gaussian density estima-
tion (Smith et al., 2006). For each nominal mass, we estimate a kernel Gaussian density
from all the detected m/z peak centres (m/z1, ...,m/zn). Then, the peaks from the esti-
mated density and their boundaries are detected as follows (Figure 4.6): starting from the
first point, a new peak starts when the density increases, reaches its centre when it starts
to decrease, and ends when it increases again. All individual peaks contained within the
same boundaries are considered as belonging to the same feature. The newm/z of this
feature corresponds to the median of the (m/z)i values in this group (Figure 4.6).
The standard deviation of the smoothing kernel is set with the parameter (ppm), and

corresponds to themaximum deviation authorised between acquisitions on them/z axis.
The higher the value of this parameter, the lower the number of groups (Figure 4.6).

4.2.2 Quality control

Two quality control steps may be further applied to select the features:
1. with a high reproducibility between samples (alternatively, between classes of sam-
ples), by keeping features present in at least fracGroup percent of the samples (or
of one class)
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2. labelled as “exhaled breath” in the majority of the samples, by thresholding the p-
values of the statistical tests described above (4.1.6) in at least fracExp percent of
the samples

4.3 Imputation of missing values

Following the alignment step, missing values occur for peaks that have not been detected
in the total spectrum at step 4.1.3 for several reasons including: intensity under the limit
of detection (LOD; missing not at random: MNAR) or peaks that could not be deconvolved
(missing at random: MAR; Wei et al. 2018). Since the raw data are available, the ptairMS
softwarewas designed to re-rerun the peak detection algorithm 4.1.3 on the raw data, and
take into account the already detected neighbouring peaks, with a restricted m/z width
for the peak centre (± 30 ppm), and without any minimum intensity threshold. This may
allow the recovery of peaks that have been missed during the peak detection (e.g. too
convoluted with the neighbouring peak, or slightly below the limit of detection). If the
peak is indeed missing, this is equivalent to integrating the noise of the instrument.

4.4 Putative annotation (including isotopes)

Putative annotations are computed by matching the measured ion masses to an internal
table extracted from the Human Breathomics Database (Kuo et al., 2020). In addition,
isotopes (i.e. molecules that have the samenumber of protons and electrons but different
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number of neutrons, and therefore different physico-chemical properties) are suggested
on the basis of three criteria (Kuhl et al., 2009):

• m/z difference value for isotope 2H , 13C 15N , 17O, and 18O, with a interval of ±50

ppm
• Two Pearson’s correlation test, one between temporal profiles within the sample
and an other with intensities between the samples, using a p-value threshold at 1%.

4.5 ptairMS software

All algorithmswerewritten in R (R Core Team, 2021) and implemented as the ptairMS pack-
age freely available on the Bioconductor platform (Gentleman et al., 2004). The compan-
ion ptairData experiment package, also available on Bioconductor, contains the raw files
from two data sets from exhaled breath and bacteria culture head space, respectively, as
well as the simulated raw data file described in the following Results section.
The workflow consists of five steps (Figure 4.7):
1. createPtrSet: A ptrSet object is generated by taking as input the name of the direc-
tory containing the raw files (in HDF5 format), possibly grouped into subfolders ac-
cording to classes of samples. This object is then completed at each step of the
processing. In addition, the ptrSet may be updated by adding new raw files to the
directory, or by providing new sample metadata

2. detectPeak: peak detection and quantification are performedwithin each file and the
ptrSet object is updated with the sample metadata, the peak list for each sample,
and several quality metrics

3. alignSamples: The peak lists are aligned between samples, and an ExpressionSet

object is returned, containing the table of peak intensities, the sample metadata,
and the feature metadata (which can be accessed with the exprs, pData and fData

methods from the Biobase package, respectively)
4. impute: Missing values in the table of intensities may be replaced by the integrated

signal in the expected raw data region
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Parameter Description Default value(s)
mzCalibRef Reference mass values for calibration of themass axis m/z 21.022, 29.01,41.03, 60.05,203.94, 330.84

calibrationPeriod Time duration of each calibration 60 seconds
mzBreathTracer Nominal mass of the ion trace used tocompute the expiration time limits Acetone

fracMaxTIC Percentage of the maximum of the ion traceused to determine the expiration time limits 80%
ppm Minimum peak proximity 130 ppm (partper million)

minIntensity Minimum peak intensity auto tuned
resolutionRange Minimum, mean, and maximum resolution(m/∆m)

auto tuned
fctFit Parametric peak shape function to be used auto tuned

knotsPeriod Time period between two knots for the 2Dmodelling 3 s
smoothPenalty Value of the smoothing coefficient λ auto tuned

ppmGroup Maximal width for an m/z group 70 ppm
fracGroup /
fracExp

Detection robustness between thesamples/expiration phases 0.8/0.3
pValGreaterThres/ pValLessThres p-value threshold for the unilateral testingthat the quantification (in cps) of expirationpoints is higher/lower than the intensities inthe background

0.0001

Table 4.2: Parameters from the ptairMS software
5. annotateVOC: Suggestions of feature annotations may be provided, based on the

Human Breathomics Database (https://hbdb.cmdm.tw; Kuo et al. 2020)
All parameters are described in Table 4.2. The auto tuned parameters minIntensity,

resolutionRange, and fctFit are determined from the calibration peaks (selected with
the mzCalibRef parameter). The smoothPenalty is selected by cross validation as ex-
plained in Section 4.1.4.
Eventually, the output contains the table of peak intensities as well as the sample and

variable metadata, which can be exported as three tabular files, or as a single Expression-
Set object for subsequent statistical analysis. The detailed tutorial of the ptairMS pack-
age is available on the Bioconductor repository (https://bioconductor.org/packages/
release/bioc/vignettes/ptairMS/inst/doc/ptairMS.html).
The whole workflow can be run interactively through a graphical user interface, which

provides visualisations (expiration phases, peaks in the raw data, peak table, individual
VOCs), quality controls (calibration, resolution, peak shape, and evolution of reagent ions
with time), and exploratory data analysis (Figure 4.8).
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Figure 4.8: The ptairMS graphical interface, as illustratedwith the COVID-19 data describedin Chapter 6. (A) The Read and check data tab enables to open the data (either from a newstudy or to update an existing one), to perform the calibration and the detection of expi-rations, and provides optimal parameter values for the peak shape and the resolution. (B)The Detect peak tab provides single file visualisations of the raw data and of the detectedpeaks and temporal profiles. (C) The Align samples tab displays the final peak table as wellas the individual features coloured according to the sample metadata. (D) The StatisticalAnalysis tab displays the score plot from the Principal Component Analysis of the peaktable (only the first time point of each patient is shown here, as in Grassin-Delyle et al.2021, and the list of features with their putative annotations, in decreasing order of load-ing values.

78



Chapter 5

Application to simulated and real
datasets

5.1 Quantification and detection in a standardised gas mix-
ture

5.1.1 Standardised gas mixture data set

To validate the algorithmic performance of ptairMS, a reference gas containing a mixture
of VOCs in known amounts was first used: the TO-14 standard gas mixture (Restek) con-
tains 14 compounds (Figure 5.1) which results in 26 spectral peaks (8 distinct masses and
18 isotopes).
Ten dilutions of the gas mixture were measured, with or without applying an activated

charcoal filter (Supelpure HC hydrocarbon trap, Sigma-Aldrich, Saint-Quentin-Fallavier,
France) on the ambient air input (three replicates each), resulting in 60 raw files. During
each acquisition, the aspiration of the reference gas was switched on and off three times
tomimic “expiration” profiles. Sample analysis was performedwith a PTR-Qi-TOF (Ionicon,
Innsbrück, Austria) at the Foch Hospital.

5.1.2 Results

The 60 rawfileswere pre-processed by ptairMS in less than 15min (on a quad-core laptop).
Calibration was performed using m/z 21.022, 203.943, and 330.849. The default values
were used for the peak detection (see the section 4.1.3). A total of 314 (respectively, 180)
compounds were detected in the absence (respectively, presence) of the charcoal filter.
For the alignment steps, filters were set to keep features with at least 90% of one dilu-

tion factor (fracGroup = 0.9), and in the simulated “expiration” phases of at least 90% of
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Figure 5.1: List of the compounds and their absolute concentrations in the TO-14 gas mix-ture, as provided by the manufacturer (Restek)
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Figure 5.2: ptairMS analysis of a reference VOC mixture. (A) Heatmap of the log2 concen-trations in ppb of the 45 selected VOCs before the imputation step. (B) Amounts (in ppb)of the 45 compounds (dots), as well as the regression line for each of them (dashed blacklines). The expected quantity (according to the manufacturer) is shown as a red solid line.(C) Observed replicates (dashed, black) and expected (solid, red) quantities for the sum ofthe 45 compounds for each replicate as a function of the concentration factor.
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Expected ppb percompound Mean absolute error (%) CV (%)
[1.3; 13] 47.9 4.3
[19; 32] 8.1 3.4
[44; 128] 2.5 2.8

Table 5.1: Mean absolute percentage error (MAPE) and coefficient of variation (CV) be-tween replicates of the ptairMS processed data from the reference gas mixture acquisi-tions.

all samples (fracExp = 0.9). This resulted in 45 compounds (Figure 5.2A).
Importantly, all the expected compounds were detected, as well as their isotopes, with

an m/z error less than 20 ppm, and an average coefficient of linearity R2 with the con-
centration factor of 0.999. The 19 additional detected features most likely correspond to
fragments from these VOCs, since some are below the expected quantity (Figure 5.2B). To
evaluate the quantification, we compared the sum of the measured 45 compound quan-
tities and the total amount of compounds predicted by the manufacturer values from
Figure 5.1: the error was less than 8.1% for the quantities above 19 ppb (Table 5.1 and Fig-
ure 5.2C). Furthermore, the coefficient of variation (CV) between replicates was less than
5% (Table 5.1), even in the absence of charcoal filter.

5.2 Temporal profile classification and comparison to existing
software on simulated data

We then compared ptairMS to the two existing PTR-MS software tools, namely PTRwid
(Holzinger 2015; publicly available) and IDA (based on Müller et al. 2013; commercial), as
introduced in the section 2.3. To do so, we first simulated exhaled breath data files (based
on real expiration profiles), and we then computed the list of peaks and their temporal
estimation with each software tool. In the following sections, the simulation method is
described (available in the package ptairData), and the results of the comparison are pre-
sented.

5.2.1 Simulated data

The simulation algorithm to generate a raw PTR-TOF-MS data file from exhaled breath is
described in Algorithm 2, and the successive steps are detailed below. The general idea
is to simulate raw data bands around nominal [m± 0.5Da]masses, and then paste them
into a created HDF5 file. We first simulate peaks in the mass dimension, and then the
evolution of these peaks at each time:
(1) Temporal profiles were exacted from an in-house database of 200 acquisitions of

exhaled breath from patients. After pre-processing with ptairMS, we selected 1) ex-
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Algorithm 2: Simulation of PTR-TOF MS data from exhaled breath
Data: Library of exhaled breath temporal profiles extracted from several rawfiles, and then smoothed and normalised (1)
Data: List of chemical formulae used by PTRwid for calibration matches (2)Randomly draw a file j from the library, and extract the mass and time axes.
forall nominal massm doGenerate random background noise (3)

if there is a compound in the chemical formula list of nominal massm thenRandom draw of the parameters from the (mixture of)m/z peaks (4)Given a temporal profile (q1, ..., qT ) from the file j:Compute the number of ions n (area of the peak) for a given peak height h(5)
forall t in time axis [1, .., T ] doDraw n× ratio× qt random variable of sech2 lawWrite the histogram as a spectrum in the data matrix
end
Result: Simulated peak(s) + background noise

else
Result: Background noise

end
end

piration profiles (with intensities significantly greater in expirations than ambient
air; p−value < 2×10−20 ), and 2) ambient air profiles (with the p-value of the oppo-
site test< 10−10) . The profiles were then normalised (mean set to 1) and smoothed
with the Savitzky-Golay filter. This resulted in approximately 12,800 expiration pro-
files and 11,000 ambient air profiles.

(2) m/z values were generated from the library of compound formulae used by PTRwid
for calibration matching CaC

13
b HcOdNe, with a ∈ [1, 40], b ∈ {0, 1}, c ∈ [max(1, a −

9), a], d ∈ [0, 5] and e ∈ [0, 2]. We included only masses between 15 and 400 Da
(corresponding to a total of 9,114 formulae).

(3) The Background noise was generated using a Poisson stochastic process (Gundlach-
Graham et al., 2018), with λ=0.1 and a Gaussian distribution N (11, 3) to model the
single ion Pulse-Height.

(4) Random drawing of them/z peak parameters for nominal masses distinct from 19,
21, 29, 30, 32, 59, 204, and 331:

• number of overlapping peaks set to 1, 2, and 3, with probabilities (0.4, 0.5, 0.1)
• class of temporal profile set to “expiration”, “ambient air”, or “constant”, with
probabilities (0.4, 0.4, 0.2)

• intensity of the highest peak on the average total spectrum: uniform distribu-
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tion U(50, 500) for multiple peaks, and Gaussian distribution N (1500, 100) for
single peaks (most of the peaks used to compute the peak shape are single
peaks; see Figure 5.3)

• intensity ratio of the neighbouring peaks: U(0.5, 1)
• peak width set tom/resolution, where resolution is drawn from N (5000, 500)

• sech2 skewness: U(−0.3, 0.3)

• asymmetry coefficient: U(0.4, 0.6)
• peak proximity (in ppm): U(190, 230)

(5) The relation between the peak height h and the peak area of the sech2 function is
detailed in appendix A.2

To get closer to exhaled breath raw data, and enables PTRwid to finds peaks for its
calibration, the following peaks were simulated without overlap: primary ion and water
dimerm/z 19.017 andm/z 37.0284 with the highest intensity (200,000), their isotopesm/z
21.022, m/z 38.033 with the corresponding ratio of intensities, m/z 59.049 with intensity
set to 20,000, and the calibration peaksm/z 203.943 andm/z 330.84 with intensity set to
1,000.
Parameters have been selected based on raw data observation, especially for the peak

width, asymmetry coefficient, and number of overlapping peaks. Then, peak proximity
and ratio were set on a reasonable range, in order to challenge the peak deconvolution.
No baseline nor calibration shift were added in the mass and time dimensions, the

focus of the simulation is the estimation of the temporal evolution. The code used for
the simulation, as well as a representative simulated data file in the HDF5 format are
included in the ptairData companion package, also available in Bioconductor. An example
of simulation is shown in Figure 5.4.

5.2.2 Software parameters

The simulated files were processed with ptairMS (version 0.1), PTRwid (version 002 IDL),
and IDA (version beta 0.9.4.8). Mass calibration was performed using the features atm/z
21.022, 203.943 and 330.84 for the three software, intentionally simulated without overlap
at the exactm/z. The calibration stability period (calibrationPeriod for ptairMS and Timming
window for IDA) was set to the acquisition duration, since no calibration shift was added.
To ensure a good estimation of the peak shape for the three software, we simulatedmore
single peaks in the intensity range used for the calculation of the peak shape : between
20 and 200 cps for IDA, and minSig set to 300 for PTRwid (see Figure 5.3). Note that, for
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Figure 5.3: Peak shape computation on a simulated file for the three software. A simulatedTIS is shown in the top chart of the graph, opened in IDA interface. The boxed signal cor-responds to the peak used for the computation of the peak shape, corresponding mostlyto peaks without overlap. The resulting peak shape visualisation output of each softwareis then shown on the bottom chart.

the interested reader wishing to reproduce the results with IDA, the cpswith this software
tool are normalised by the single ion signal (mV × ns) and multiplied by the bin interval
(ns) (which results in an ≈ 14.5 factor between the cps values provided by the two other
software tools, when a bin period of 0.2 ns is used). Finally, the sensitivity parameter
for the IDA peak detection was set to 25 %, in order to limit the number of false positives.
Other parameters from each software tool were kept to default values.

5.2.3 Results

The three softwarewere comparedon ten simulated files, containing a total of 7,028 peaks
(Table 5.2). The best precision of peak detection and mass accuracy were obtained with
ptairMS, and the peak detection recall was slightly lower than IDA (98.40% vs 98.49%). Of
note, the mass accuracy depends only on peak detection, since no mass deviation was
included in the simulation. In addition, the reported mass accuracy for PTRwid was com-
puted before calibration: indeed, the masses from the simulated multiple peaks may not
match with the internal library of chemical formulae used by PTRwid for calibration, espe-
cially formasses> 300Da (for information, themass accuracy for PTRwid after calibration
is 20 ppm).
Quantification was further evaluated on the peaks which were well detected by all soft-

ware. The mean absolute percentage error (MAPE) between the estimated temporal evo-
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lution and the input of the simulation was 4.96 % for ptairMS, 14.65% for PTRwid, and
5.38% for IDA. Finally, we compared the ability to discriminate the compounds from ex-
haled breath and ambient air, based on two unilateral t-tests comparing the intensities in
the two acquisition phases (see section 4.1.5). ptairMS was shown to detect the expiration
profiles with the highest sensitivity, and with a global accuracy of 99% (compared to 86%
and 95% for PTRwid and IDA; Table 5.2). As illustrated in Figure 5.4 with two simulated
peaks of close m/z values, an exogenous VOC (i.e., with a constant profile) was classified
as “expiration” by both PTRwid and IDA (m/z 82.034), as a result of a less precise tempo-
ral estimation. The ptairMS software is therefore well suited for biomarker research with
breath analysis.

5.3 Application to real datasets

The ptairMS software has been designed for biomarker discovery in large clinical cohorts.
First, it is fast (<1 min for a 3-5 min acquisition) and files can be processed with parallel
computing and in a batch mode. Second, studies can be readily incremented with new
files (e.g. if new patients are included): only the processing of these new files and the final
alignment between samples are performed to update the peak table of the whole cohort.
The ptairMS software is well adapted for exhaled breath analysis, but it can also be

used for head space analysis, as we did on publicly available data from truffle (Vita et al.,
2015) analyzed with a PTR-TOF 8000 instrument (Ionicon; Figure 5.5 from the Appendix).
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Software ptairMS PTRwid IDAMass accuracy (ppm) 3 12* 5Peak detection precision (%) 99.99 98.87 97.30Peak detection recall (%) 98.40 87.19 98.49MAPE (%) 4.96 14.65 5.38Expiration sensitivity (%) 98.53 91.45 94.52Expiration specificity (%) 99.01 86.31 97.03Global accuracy (%) 99.12 86.73 95.31
Table 5.2: Comparison of peak detection and quantification by ptairMS, PTRwid, and IDAon 10 simulated files (7,028 peaks). The precision (respectively, recall) of peak detection isthe proportion of detected peaks which correspond to actual simulated peaks (respec-tively, the proportion of actual simulated peaks which were detected by the softwaretools). * The reported mass accuracy for PTRwid was computed before calibration asexplained in the text. The Mean Absolute Percentage Error (MAPE) is used to assess thequality of the temporal profile estimation. Expiration sensitivity, specificity, and accuracyrefer to the classification of VOC origin as exhaled breath (vs. ambient air). For each met-ric, the best performance is shown in bold.

These results highlight the ability of the algorithms to adapt to various resolutions, time
bin periods, peak shapes, and temporal profiles.

5.4 Discussion

We have developed an innovative workflow for the fast processing of PTR-TOF-MS data
from exhaled breath. The suite of algorithms includes untargeted peak detection and
deconvolution in the mass dimension, expiration phases detection, modeling of the tem-
poral evolution of the peak intensity during the acquisition, and quantification. Compared
to the two existing software, it provides for the first time the required features enabling
the analysis of clinical cohorts, with multiple parallel file processing, incremental addition
of new patient files, quality control of acquisitions along clinical trials, alignment between
the samples, and final quality control to discard exogenous VOCs. The full workflow was
implemented in the R package ptairMS, which is publicly available on the Bioconductor
platform and includes a detailed tutorial. Raw files from two experimental data sets, as
well as one simulated file, are provided in the companion ptairData package. The pub-
lic availability of all data and source code is of high value for the reproducibility of the
analyses and the benchmark of software tools (Wilkinson et al., 2016).
The quality of the untargeted peak detection and absolute quantification was assessed

by using a standardised gas mixture: all compounds were detected by ptairMS with an
m/z precision inferior to 20 ppm, an intensity error below 8.1% (for compounds with con-
centrations greater than 19 ppb), an average R2 coefficient with the concentration factor
of 0.999, and a CV less than 5%, thus demonstrating the performance of the detection and
quantification. However, it is important to note that the standardised gas used does not
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reflect breath matrices. In practice, humidity saturation of exhaled breath biases the VOC
quantification in PTR-MS instruments, with divergent behaviour for different substance
classes (Trefz et al., 2018). This effect also impacts the proposed correction of the am-
bient air level (which consists in subtracting the ambient air baseline from the temporal
profile estimated for each VOC). Since the exhaled breath and ambient air have different
concentrations of humidity, O2, and CO2, the direct subtraction should not therefore be
considered as an absolute quantification, but rather as a relative concentration, which
can be used to compare patients. To further compute accurate concentration differences
between inspiratory and expiratory phases, adequate humidity-adapted calibrations are
required (Trefz et al., 2018).
A simulation algorithmof PTR-TOF-MSdata has beendeveloped for the software perfor-

mance comparison. It used both real data for the temporal evolution of exhaled breath
VOCs, and theoretical modelling for peak shape and noise. It is available on the ptair-
Data Bioconductor package, making possible further comparison and bench marking for
exhaled breath PTR-TOF-MS data processing. Parameters of this simulation have been
chosen to challenge more the temporal estimation of each peak than the peak picking or
the mass axis calibration, which is quite similar for the three software (e.g. stable peak
shape, peak separation of at least 150 ppm, no mass deviation and baseline). However,
the simulation code may be easily modified to extend the focus of the benchmark.
Since the estimation of temporal profile is a key aspect of breath analysis to determine

the VOC origin (i.e. exhaled breath vs. ambient air), we have developed a 2Dmodel based
on P-splines regression. Compared to the existing software IDA (Müller et al., 2013) and
PTRwid (Holzinger, 2015), which are well suited for single-file, large data from environ-
mental monitoring, we demonstrate that ptairMS is very convenient for breath analysis,
achieving highest sensitivity and accurate quantification with an accuracy up to 99%. It
should be noted that the temporal estimation of the peak intensities relies on the m/z
values previously computed on the total ion spectrum (i.e. these m/z values are not re-
evaluated at each time point) which allows a fast computation, but the time deconvolution
depends then crucially on the mass detection. The ptairMS algorithms provides precise
m/z and intensity estimations, in a computation time (< 1 min) which is compatible with
the real-time patient analysis.
Since the resolution of the PTR-TOF-MS does not always allow complete peak separa-

tion in the mass dimension, the peak picking algorithm relies on the subsequently steps:
denoising, baseline correction, detection of local maxima, and finally deconvolution us-
ing parametric peak shape. Since peak shapes observed in TOF analysers are asymmetric,
and may change according to the resolution (Müller et al., 2011), we proposed to test both
theoretic model functions and estimated shapes from the raw data, and select the most
appropriate for each dataset according to the R2 criterion. This method yielded good
estimations and facilitates visualisation and interpretation of the signals. Interestingly,
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some recently described algorithms simultaneously perform the three processing steps
(denoising, baseline correction and detection of local maxima; Picaud et al. 2018), with
the aim to reduce the potential unrecoverable artefacts introduced by the sequential ap-
proach.
To impute missing values, ptairMS returns back to the raw data, and re-runs the pro-

cessing algorithmwith flexible parameter settings to extract the raw signals. This method
is relatively fast since subsets of the raw data are easily accessible with the HDF5 hierar-
chical format, and is assumed to be as close as possible to the raw signals. Alternatively,
methods based on the table of intensities are also used in metabolomics and in other
omics data (Wei et al., 2018). These methods borrow information from features with
similar profiles, assuming that values are missing (completely) at random, and include
k-nearest neighbours (kNN; Troyanskaya et al. 2001), random forest (RF; Stekhoven and
Bühlmann 2011), or singular value decomposition (SVD; Hastie et al. 2001) imputations. To
take into account the stochastic process underlyingmissingness and imputation, multiple
imputation approaches are also of interest: such methods perform repeated imputation
to generate multiple datasets, which are subsequently used to estimate the mean and
the variance of the parameter of interest (e.g. the test statistic; Chion et al. 2021).
Putative annotation is finally performed, based on the matching with a database of

1,488 exhaled breath compound (∼ 400 isotopic masses; Kuo et al. 2020; Drabińska et al.
2021). We observed that about 60% of the detected VOCs have a suggested annotation
by ptairMS. The database may be easily updated by the user with the annotateVOC func-
tion. An alternative approach based on the generation and matching of elemental for-
mulae is used by the PTRwid software (Holzinger, 2015). However, the formula database
includes several endogenous compounds that are not found in the exhaled air, andmany
of the corresponding masses are too close to be distinguished by PTR-TOF-MS. Beyond
mass library search and isotope detection, complementary experiments with hyphenated
techniques such as GC-MS are required to achieve higher structural identification levels
(Sumner et al., 2007) for the most interesting VOCs (Ibrahim et al., 2019; Nardi-Agmon
et al., 2016; Wilde et al., 2019).
Importantly, ptairMS automatically suggests optimal values for the parameters, such

as the resolution and the peak shape (as evaluated on the calibration peaks), but also
the location of spline knots (at higher densities within the expiration phases) and the pe-
nalisation for the 2D regression (based on generalised cross validation). This enables to
adapt the processing to specific instruments (e.g. with distinct resolutions) but also to
various biological matrices (e.g. with different time profiles). As an example, ptairMS was
used to process files from both PTR-TOF 8000 and PTR-Qi-TOF instruments (Ionicon). Files
from other vendors (e.g. Tofwerk) should be processed accordingly, since they are in the
same open source HDF5 format, which is a data storage format of choice within the MS
community (Askenazi et al., 2017). Beyond exhaled breath, ptairMS was successfully ap-
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plied to atmospheric air data (hospital room and corridor air), headspace analysis from
mycobacteria (see the package tutorial) and truffles (Vita et al. 2015; Figure 5.5).
A graphical interface was developed to facilitate data analysis and result interpreta-

tion by experimenters (e.g. clinicians). It covers the processing of raw data up to the
exploratory data analysis of the cohort, with interactive tables and graphics. Since clinical
studies may last several months, or even years, the interface includes a dedicated panel
for the real time control of instrument parameters to avoid unwanted effects resulting
from drift in temperature, pressure, or variations in the amount of reagent ion. Incre-
mental addition of new patient files is also possible without the need to reprocess all of
the previous acquisitions. New features in future implementations will include visualisa-
tions (such as the superposition of multiple temporal profiles for several patients), and
statistical testing of clinical metadata for each detected VOC.
Altogether, these results demonstrate the value of the ptairMS software as a key re-

source in breathomics for real-time analysis at the point of care and in biomarker dis-
covery studies, with a high clinical potential for the phenotyping of health and disease,
therapeutic drug monitoring, toxicological studies and precision medicine (Fernández del
Río et al., 2015; Ibrahim et al., 2021; Löser et al., 2020; Zhou et al., 2017).

90



Chapter 6

Application to biomarker discovery
in the clinic: intubated,
mechanically ventilated COVID-19
patients

As of December 2021, about 280 million of people worldwide had been infected with se-
vere acute respiratory syndrome coronavirus 2 (SARS-CoV-2), and about 5 million had
died from coronavirus disease 2019 (COVID-19; coronavirus.jhu.edu). Approximately 5%
of patients with COVID-19 will develop acute respiratory distress syndrome (ARDS), septic
shock, or multiple organ dysfunction. Around the world, unprecedented research efforts
are being focused on the prevention, early detection, diagnosis and management of this
lethal disease.
In this context, our breathomics approachwith the PTR-TOF-MS technology andptairMS

software tool was ideally suited for the rapid and non-invasive diagnosis of COVID-19 in-
fection. The suitability of this approach was investigated as a part of a research project
devoted to severe infections (Rapid rEcognition of Corticostroid sensitive or resistant Sep-
sis, RHU RECORDS, lead investigator: Prof. Djillali Annane, Intensive Care Unit, Raymond
Poincaré hospital). Exhaled breath frommechanically ventilated adults was analysed dur-
ing the first wave of COVID-19 to assess diagnosic performance in this patient population
(Grassin-Delyle et al., 2021).
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6.1 Study participants

Forty adults with ARDS were included between March 25th and June 25th, 2020, of whom
28 had proven COVID-19. This prospective study was part of the observational phase of
the ongoing RECORDS trial (NCT04280497).
Sample metadata (Table 6.1) included patient demographics (sex, age, body weight,

height, and body mass index), clinical and laboratory data (body temperature, Simpli-
fied Acute Physiology Score (SAPS II) and SOFA scores (Le Gall et al., 1993; Force, 2012), and
serum CRP and creatinine levels), comorbidities (high blood pressure, chronic obstructive
pulmonary disease, ischemic cardiac disease, and cancer), ventilation parameters (respi-
ratory rate, positive end-expiratory pressure, and tidal volume) and treatments unrelated
to COVID-19 (catecholamines, renal replacement, glucocorticoids, and fludrocortisone).

6.2 Data collection and processing

Each patient’s exhaled breath was analysed daily in the morning, from the hospital entry
until discharge (death or recover). Measurements weremade with a PTR-TOF-MS (Ionicon
Analytik GmbH, Innsbruck, Austria) placed outside the patient room, and samples were
obtained via a heated transfer line (length: 1.6 m) connected directly to the end of the
endotracheal tube (i.e., without disconnection from the mechanical ventilator), with an
air flow of 50 mL/min.
Importantly, ventilated patient acquisition presents some differences from classical ex-

haled breath obtained by direct introduction. First, the air phases between the expiration
phases are from medical air (not the usual ambient air), composed of oxygen, in a per-
centage defined according to the patient’s health status (FiO2, from 22% to 100%), and
nitrogen. The room or corridor air should not impact the exhaled breath. Second, pre-
vious studies have shown that exhaled VOC concentrations determined with online PTR-
TOF-MS may be influenced through distribution of pulmonary ventilation, as the positive
end expiratory pressure (PEEP), and fraction of inspired dioxygen (Brock et al., 2017; Trefz
et al., 2019a).
To eliminate the dependency on the oxygen concentration in the samplematrix, record-

ings were performed in patients with a fraction of inspired oxygen set to 100% for at least
3 min, and the acquisition duration was set to 2 min, with an acquisition time unit of 0.1 s.
H3O

+ was used as the primary ion and the instrument settings were as follows: source
voltage 120 V; drift tube pressure, 3.8 mbar.
Data were processed daily with the ptairMS software, with a calibration every minute

based on the peaks at m/z 21.022, 60.05, 203.94 and 330.8495. The expiration phases
where detectedusing the ions trace ofCO2H

+ (m/z 44.99). Peak detectionwasperformed
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COVID-19 ARDS Non-COVID-19ARDS p-value
Number of patients (n) 28 12 -Males/Females (n) 20/8 6/6 0.28Age (years) 61 [55-72] 72 [54-79] 0.75Body weight (kg) 80.0 [66.6-87.6] 86.5 [65.3-94.1] 0.71Height (cm) 170 [164-175] 173 [169-175] 0.55Body mass index (kg/m2) 26.3 [23.7-32.4] 28.9 [23.0-30.9] 0.79SAPS II score 62 [49-68] 46 [40-57] 0.05SOFA score 11 [7-12] 8 [5-12] 0.37Body temperature (°C) 37.4 [36.5-38.3] 37.3 [36.8-37.8] 0.84Respiratory rate (breaths per min) 26 [25-28] 20 [18-23] > 0.001Tidal volume (mL) 420 [400-475] 438 [400-490] 0.99Fraction of inspired dioxygen (%) 80 [50-100] 48 [31-68] 0.007Positive end-expiratory pressure(PEEP) 10 [8-13] 5.5 [5-8] > 0.001

Serum creatinine (mM) 74 [56-137] 67 [44-86] 0.30Serum C-reactive protein (mg/L) 195 [175-268] 76 [23-119] 0.002Comorbidities: n (%)- high blood pressure 11 (39) 6 (50) 0.73- chronic obstructive pulmonarydisease 2 (7) 1 (8) 0.99
- ischemic cardiac disease 5 (18) 3 (25) 0.68- cancer 2 (7) 3 (25) 0.15Treatments before admission: n (%)- glucocorticoids 1 (4) 3 (25) 0.07- conversion enzyme inhibitors 5 (18) 1 (8) 0.54- angiotensin antagonists 2 (7) 2 (16) 0.57Interventions after admission: n (%)- catecholamines 17 (61) 4 (33) 0.17- renal replacement therapy 9 (32) 0 (0) 0.038Treatments after admission: n (%)- hydroxychloroquine 27 (96) 1 (8) > 0.001- remdesivir 2 (7) 0 (0) 0.99- lopinavir/ritonavir 7 (25) 0 (0) 0.08- glucocorticoids 11 (39) 6 (50) 0.73- fludrocortisone 1 (4) 4 (33) 0.022- eculizumab 12 (43) 4 (33) 0.73
Table 6.1: Patient characteristics and treatments, by infection status. The p-values resulteither from a Wilcoxon–Mann–Whitney statistical test in case of a quantitative covariateor from a chi-squared test for qualitative covariates, and from a correction for multipletesting (in bold if < 0.05).
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with default values (section 4.1.3), and knots where placed every 0.5 second. An overview
of the data with the ptairMS graphical interface is shown in Figure 4.8. After alignment
(with a standard deviation of the kernel density set to 40 ppm; section 4.2.1) the following
steps were applied:

• Only ions detected in more than 70% of at least one group (COVID vs. non-COVID-19
ARDS) and significantly greater in the expiration phases of at least 5% of the samples
were kept, resulting in 81 features

• Missing values were imputed with the ptairMS package (section 4.3)
• Data were log2-transformed
• Outliers (patients with a z-score >3 for at least five features) were discarded
• Saturated ions (acetone,H3O

+,H2O−H3O
+, oxygen) and isotopes were removed,

resulting in a final table of 65 features

6.3 Data analysis

In the context of biomarker discovery, we first used an untargeted metabolomic strategy
to discover the signature associated with COVID-19 ARDS, using the first breath sample
available after the admission (section 6.3.1). We then investigated the evolution of each
VOC during the hospitalisation time, to validate the results obtained at the first day and
to further analyse the difference of VOC concentration evolution between each groups
(COVID +/-; section 6.3.2).

6.3.1 Classification for early diagnosis

To build a predictive model for early diagnosis of COVID-19 infection, we used the first
breath sample collected for each patient after admission. Ten of the 40 participants had
been hospitalised for more than 10 days at the start of the sampling period, and were
thus excluded from this first part of the study. Then two outliers where excluded (one
COVID-19 negative admitted to the ICU for attempted suicide with medication, and the
other COVID-19 positive with very saturated peaks for unknown reasons). This resulted in
a subset of 28 patients (18 COVID-19 positive and 10 COVID-19 negative patients), and 65
features. In such a case where the number of features exceeds the number of samples,
a particular attention should be paid to the multivariate modelling and to the feature
selection methods to avoid over fitting. A summary of all the methods and software tools
used in this section is provided in Table 6.2.
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Method Tunedparameter(s) Feature selectionmethod Metric usedto rank thefeatures
R pack-age

Wilcoxon-Mann-Whitney test - p-value threshold p-value phenomis
Principal componentanalysis (PCA) - - Loadings ropls
Orthogonal partialleast squares(O-PLS-DA)

Number ofcomponents RecursiveFeatureElimination
Variableimportancein projection

ropls/caret
Random forest (RF) Maximumnumber ofnodes in thetree

RecursiveFeatureElimination
Variableimportance caret

Elastic net (EN) Penalisationparameters L1 - L2penalisation Coefficientvalues caret
Support vectormachine (SVM) Degree andconstant valueof thepolynomialhyperplanes

RecursiveFeatureElimination
Coefficientvalues e1071 /sigFea-ture

Table 6.2: Summary of the statistical methods used for the prediction of the COVID-19status. Further description of the R packages are provided in the corresponding publi-cations: phenomis (Imbert et al., 2021); ropls (Thévenot et al., 2015); caret (tutorial); e1071(tutorial); sigFeature (Das et al., 2020).
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Figure 6.1: (a) Score plot from the principal component analysis (PCA) showing the twofirst components. (b) Score plot from the Orthogonal Partial Least Squares - DiscriminantAnalysis according to the predictive component (abscissa) and the first orthogonal com-ponent (ordinate).

Methods

Learning approaches: We first used principal component analysis (PCA) to project and
observe the data in a lower dimension, and see if there are components that discriminate
the two groups of patients.
We then performed univariate analysis, using a Wilcoxon-Mann-Whitney test (section

3.2.1), to detect significant features individually, without taking into account the correla-
tions between the VOCs at this stage. The p-values were adjusted to control the false
discovery rate (FDR; Benjamini and Hochberg 1995) at a 5% threshold.
Finally, we tested four multivariate machine learning models (section 3.2), with differ-

ent mathematical backgrounds: Orthogonal Partial Least-Squares discriminate analysis
(O-PLS DA), Random Forest (RF), Elastic Net (EN), and Support Vector Machine (SVM) with
a polynomial kernel. Parameters from each model were tuned using a grid search (Ta-
ble 6.2). These classification methods are widely used within the omics community, in-
cluding metabolomics (Guo et al., 2010; Rinaudo et al., 2016). Multivariate analysis is com-
plementary to univariate hypothesis testing since it enables to build predictive models,
and since it takes into account interactions between features. Benchmarking several ma-
chine learning approaches aims at increasing the robustness of the results and at improv-
ing the predictions. Indeed, depending on the data structure, some models may perform
better than others. The prediction performances were compared using the Log Loss and
AUC complementary metrics (equation 3.15), computed with a stratified 10-fold cross val-
idation, repeated four times.
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Figure 6.2: ROC curves from the the four complementary machine learning approaches(EN, RF, SVM, and OPLS-DA).

Model Accuracy Sensitivity Specificity AUC LogLossmean
LogLosssd

NumberoffeaturesElastic Net 0.93 0.90 0.94 0.95 7.45 0.54 22Random Forest 0.93 0.90 0.94 0.98 7.38 0.21 16SVM 0.93 0.90 0.94 0.95 7.68 0.48 22O-PLS-DA 0.93 0.90 0.94 0.98 11.77 0.10 12

Table 6.3: Comparison of model performances. The accuracy, sensitivity, specificity, AUCand Log Loss were computed using a 10-fold cross-validation, repeated 4 times (metricsdefined in the section 3.2.2). The standard deviation (sd) across the cross-validation foldsis also indicated, and provides information about the prediction variance. RF proved tobe the best performingmodel, according to the Log Loss metric, with the same AUC valueas O-PLS-DA. O-PLS-DA selected the lowest subset of features (12), which provided highaccuracy (93%), with the lowest variance of prediction (Log Loss sd of 0.1).
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Feature selection and ranking: To select the most relevant features for the COVID-19
diagnosis among the 65 VOCs from exhaled breath, we used the following feature selec-
tion and ranking methods (Table 6.2):

• EN models internally perform feature selection during training through the L1 and
L2 penalisation (section 3.2.1), and features which are not selected by the model
get their coefficients set to zero. The selected features were ranked by significance
using the ordered absolute values of the coefficients

• SVM, RF and O-PLS-DA feature selection was performed using Recursive Feature
Elimination (RFE; section 3.2.2). At each iteration, features were ranked using, re-
spectively, the estimated coefficient values, the feature importance, and the Vari-
able Importance in Projection metrics (VIP; equation 3.10)

Results

The second dimension of the PCA (18% of the total variance) was shown to provide a dis-
crimination of the ARDS patients according to their COVID-19 status (Figure 6.1a), suggest-
ing that COVID-19 was associated with a specific signature in the expired breath.
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The univariate analysis (Wilcoxon-Mann-Whitney test) highlighted 12 significant VOCs
at an FDR threshold of 5% (quality plots showed that the p-values were moderately well
calibrated for the FDR correction; Figure 6.3).
The use of four complementary machine learning algorithms enabled to achieve an ac-

curacy of 93% for all four classifiers, based on the selection of 22, 16, 22 and 12 features
for the EN, RF, SVM, and OPLS-DA, respectively (Figure 6.2 and Table 6.3). Although the
models gave quite similar performances, RF was shown to be the best performing model
according to the Log Loss criterion. Ten VOCs were common to all selection approaches
(Figure 6.4a), and 29 were selected by at least one method. Of note, the OPLS-DA mod-
elling, which is very popular in metabolomics, yielded a robust (1 orthogonal component
only) and significant model (as assessed by permutation testing of the response labels;
Szymańska et al. 2012) with good predictive performances (Q2= 0.69; Figure 6.1b).
Finally, the ranks of the 10 features selected by the five methods were aggregated ac-

cording to their rankings by the specific metrics (Table 6.2), by maximising the sum of the
Spearman correlations with each of the model rankings (RankAggreg R package; Pihur
et al. 2009). The correlation matrix is shown in Figure 6.4b, and the putative VOC annota-
tions provided by ptairMS are shown in Table 6.4.
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m/z matchedm/z matchedformula putative annotations p-values
mean trend

135.09 135.093 C7H15Cl + H+ 1-chloroheptane 0.008 0.036
143.15 143.143 C9H18O + H+ nonanal 0.002 0.20071.05 71.049 C4H6O + H+ but-2-enal and 4 othermatches 0.100 0.474
83.09 83.086 C6H10 + H+ hexa-2,4-diene and 14other matches 0.655 0.825
55.05 55.054 C4H6 + H+ but-1-yne and 3 othermatches 0.425 0.232
111.12 111.117 C8H14+H+ octa-2,4-diene and 17other matches 0.020 0.040

99.08 99.080 C6H10O + H+ 2-methylpent-2-enal and9 other matches 0.007 <0.001

93.04 - - - 0.404 0.33429.01 29.013 N2 + H+ nitrogen 0.139 0.518115.11 115.112 C7H14O + H+ heptanal and 6 othermatches 0.229 0.144

Table 6.4: Putative annotation of features selected with the five classifiers, ordered by theaggregated rank. Only the first putative VOC annotation is shown. The p-values from thetwo longitudinal tests (section 6.3.2) are also indicated.

6.3.2 Time course modelling

We then modelled each VOCs concentration, noted Y as a function of the hospitalisation
time t, to both validate the previous selected VOCs, and to further characterise the evo-
lution of exhaled breath VOC concentrations of ventilated patients along hospitalisation
time. Patients with only one acquisition were deleted, resulting in 25 positive against 11
negative patients.

Methods

We used a nonlinear mixed-effects model, as introduced in section 3.2.3. The fixed ef-
fect is the evolution of the VOC concentration as a function of the period of mechanical
ventilation t, and the random effect the individual-specific deviation from this fixed effect.
As we have no a priori knowledge on the trend of VOC concentrations over days, we

used a semi-parametric modelling using splines (section 3.1.2), with knots placed approx-
imately every 3 days: for instance, for t ∈ [1, 10], we usedK = 4 B-splines. It results in the
following final model for each patient i and each time j:

Yij = β0 +
K∑
k=1

βkbk(tij) + bi + ϵij with ϵij ∼ N (0, σ2) bi ∼ N (0, τ2) b ⊥⊥ ϵ (6.1)
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where ∑K
k=1 βkbk is the fixed effect with bk the B-spline basis, and the intercept bi is the

random effect per patient with variance τ2.
To identify features with significantly different (respectively, means and trends) be-

tween the two groups (COVID +/-), we introduced a second fixed effect with the binary
variable zi (where zi = 1 if the patient i is positive to the COVID-19 infection, and 0 other-
wise), and performed an F-test using (see section 3.2.3) each of the following two models:

Yij = β0 +
K∑
k=1

βkbk(tij) +
(
α0 +

K∑
k=1

αkbk(tij)
)
× zi + bi + ϵij (6.2)

1. H0 : α0 = 0 vs H1 : α0 ̸= 0, tests if there is a difference of value for the intercept
(mean)

2. H0 : (α1, ...αK) = 0 vs H1 : (α1, ...αK) ̸= 0, multiple test of length K to identify
differences of trend

The first test will identify features with a difference in concentration means at t0 be-
tween the two groups, whereas the second test will identify VOCs with a different trend
(e.g. increase or decrease). A multiple test could be performed to test both hypotheses
at the same time, as described in section 3.2.3; however, it is interesting to specifically
distinguish VOCs with a higher concentration in one group but with the same evolution,
from those with a different trend between the two groups. The p-values were adjusted
for the false discovery rate (Benjamini and Hochberg, 1995) for each test. We also test
several time limits for the hospitalisation time t : 10 to 60 days (the maximum) with a step
of 5 days.

Results

Features with a p-value < 0.05 after correction for at least one test were selected (False
Discovery Rate threshold of 5%). Four VOCs, also selected by the models in the first di-
agnostic approach, were identified (m/z 99.08, 111.12, 135.09, and 143.15; Figure 6.5), and
putatively identified as methylpent-2-enal, 2,4-octadiene, 1-chloroheptane, and nonanal
(Table 6.4). The VOC concentrations of all of these candidate biomarkers were signifi-
cantly higher in the breath of patients with COVID-19 ARDS, and tended to decrease over
the first 10 days of hospitalisation, except form/z 145.15 which remains quite stable during
this period (Figure 6.5). After 10 days, the evolution remains relatively constant for all the
four VOCs.
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Figure 6.6: Analysis of potential relationships between clinical covariates and the COVID-19 status. The results for four covariates, namely the tidal volume, the serum C-reactiveprotein level (CRP), the body temperature, and the number of days in the ICU, are shownas a score plot from the principal component analysis, coloured according to the covariatevalues. The p-values from the Pearson test of the correlation between the covariate andthe three principal components is shown at the top of each plot. +: positive COVID-19status; -: negative COVID-19 status.
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6.4 Evaluation of potential interfering factors

Whenbuilding our statistical classifier for the diagnostic of theCOVID-19 status, weneeded
to check that none of the other external covariates (e.g., clinical and demographic vari-
ables) had an impact on the VOC concentrations that would interfere with the model’s
predictions (e.g., underestimating or masking the differences between groups).
We therefore investigated the potential associations between the VOC concentrations

and all the available covariates listed in Table 6.1, including patient demographics, clini-
cal and laboratory data, comorbidities, ventilation parameters (respiratory rate, positive
end-expiratory pressure, and tidal volume) and treatments unrelated to COVID-19. We
studied separately the covariates according to whether they were associated with the
COVID-19 status or not, as determined by a Wilcoxon-Mann-Whitney test (respectively, a
chi-squared test) for quantitative (respectively, qualitative) covariates, and a correction for
multiple testing (Table 6.1). Note that the fraction of inspired oxygen was not considered
hereafter since its value was set to 100% before the acquisitions.

Covariates with no correlation to the COVID-19 status

For the covariates that were not significantly related to the COVID-19 status, the associa-
tion between all detected VOC concentrations and the covariate was first tested by using
a univariate analysis (Pearson correlation test for quantitative covariates and Wilcoxon-
Mann-Whitney test for categorical covariates, followed by a correction for multiple test-
ing). No significant association was detected at the 5% threshold.
We also applied a multivariate analysis to the correlations between the covariate and

each of the first three components from the PCA of the VOC dataset. Again, no significant
correlation was observed (Figure 6.6).

Covariates correlated to the COVID-19 status

For the continous covariates significantly related to the COVID-19 status, namely the posi-
tive end-expiratory pressure (PEEP), the respiratory rate, and the serumC-reactive protein
(CRP), we further checked for associations within each of the two COVID-19 groups sepa-
rately. This was necessary because the VOCs of interest were related to COVID-19 status,
and hence were also correlated to PEEP, the respiratory rate and CRP when the whole co-
hort was considered (Figure 6.7a). In contrast, the correlation coefficient was low (r< 0.4)
and the associated p-value was not significant when the correlation was assessed within
each group separately (i.e., when the COVID-19 status was matched; Figure 6.7b-c-d).
For the three qualitative covariates significantly related to the COVID-19 infection (i.e.

corresponding to treatments or intervention after admission), the number of samples
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does not enable to test a possible link with the VOC biomarkers, either because the treat-
ment perfectlymatches the COVID-19 status (e.g. in the case of hydroxychloroquinewhich
was administrated to the COVID positive patients only), or because two few patients were
treated (fludrocortisone: 5 patients, and renal replacement therapy: 9 patients).

6.5 Discussion

We applied the ptairMS software to analyse the exhaled breath from mechanically ven-
tilated adults with acute respiratory distress syndrome (ARDS). Our data processing and
analysis workflow, including both classification and time coursemodelling, resulted in the
selection of four VOC candidate biomarkers for the diagnosis of COVID-19 infection. This
study thus provides a proof of concept for the measurement of VOCs and the determi-
nation of a specific VOC breathprint in the exhaled breath from patients with COVID-19-
related ARDS requiring invasive mechanical ventilation in the ICU (Grassin-Delyle et al.,
2021).
Four distinct supervised machine learning models were compared, namely Orthogonal

Partial Least Squares - Discriminant Analysis (OPLS-DA), Support Vector Machine (SVM),
Random Forest (RF), and Elastic Net (EN). An accuracy of 93% for the prediction of the
COVID-19 infection was achieved (90% sensitivity and 94% specificity) for all classifiers,
based on a 16 VOC signature selected by the RF algorithm. According to the Log lossmetric
criteria, RF provided the most confident prediction. The OPLS-DA classifier also achieved
good performances (AUC 0.98) with only 12 selected features, yet with lower confidence.
Popular classifiers such as XGBoost (de Clercq et al., 2020; Stamate et al., 2019), or Ar-

tificial Neural Network (Pomyen et al., 2020) were not applied to this study, due to the
limited number of samples (28) and the resulting high risk of overfitting of these complex
algorithms (which rely on a large number of parameters). Also due to the low number
of observations, we did not divide the data into Training-Test-Validation subsets. Our
approach thus takes advantage of all the information available, but may result in biased
(overoptimistic) predictions. Our observations thus require to be validated on an external
and larger cohort.
Feature selection methods, including recursive feature elimination (RFE), were applied

to each model. Ten of the 65 initial VOCs were selected by all classifiers, and 29 by at
least one of them. Interestingly, application of the "statistical" RFE approach proposed
by Rinaudo et al. (2016) resulted in an accuracy of 90% with the RF algorithm and a five
feature signature (m/z 143.1451, 135.089, 55.05, 71.05, and 83.09), which is included in the
selection provided by the classical RFE method. The biosigner approach differs from the
classical RFE in two aspects: 1) the significance of a feature subset is estimated by com-
paring the model predictions before and after random permutation of the intensities of
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Figure 6.7: Study of the impact of the positive end-expiratory pressure (PEEP), the respira-tory rate, and the serum C-reactive protein (CRP), on the relationship between each of thefour VOC biomarkers and the COVID-19 status. a. PEEP, respiratory rate, and CRP valuesaccording to the COVID-19 status. b-d. VOC concentrations as a function of PEEP (b), therespiratory rate (c), and CRP (d). The Pearson correlation coefficients (r) and the p-valuesfrom the correlation tests (either computed on the whole dataset or for each COVID-19subset separately) are indicated.

these features in test subsets generated by resampling, and 2) the whole feature selec-
tion procedure is repeated recursively until all features of the selected subset are found
significant, or until there is no feature left to be tested (Rinaudo et al., 2016). Its application
to the COVID-19 study highlighted very short signatures which still provide high prediction
performances.
A time course analysis, using mixed effect models across the hospitalisation time and

a Fisher test, was also used. It confirmed that four of the selected features had a signifi-
cantly different behaviour between the two groups (m/z 99.08, 111.12, 135.09, and 143.15),
with a significantly higher concentration in the breath of patients with COVID-19 infection,
and a tendency to decrease over the first 10 days of hospitalisation. The fact that some
features were selected only by the classification approach at t0 but not by the longitudinal
analysis may be explained by the fact that these features are only observed at the begin-
ning of the infection. Interestingly, themajority of these VOCs have higher concentrations
in the breath of COVID-19 negative patients (m/z 71.05, 83.09, 55.05 and 29.01), in contrast
to the four biomarkers confirmed by the longitudinal analysis.
The time course methodology used may be easily extended to more than two classes

(e.g. in the case of multiple levels of infection severity), by transforming the categorical
response z with Q levels in (Q− 1) binary (dummy) variables : zq = 1 for the presence of
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the category q. Then, the variables are include in the mixed effect model :

Yij = fβ(tij)︸ ︷︷ ︸effect of the first class
+

Q∑
q=2

fαq(tij)× zqi︸ ︷︷ ︸shift for each other class q
+bi + ϵij

with ϵij ∼ N (0, σ2), bi ∼ N (0, τ2), b ⊥⊥ ϵ, for patient i and time point j. Then to test if
there is at least one category that differ from the first, we performmultiple Fisher tests of
dimension (q − 1) for intercept test, and (q − 1)× (number of parameters of the function
f ) for trend test (e.g number of knots) on multiplying coefficients α : H0 : (α2...αQ) =

0 vs H1 : (α
2...αQ) ̸= 0.

We investigated potential interfering factors (i.e. covariates with significant median dif-
ferences between the COVID-19 and non-COVID-19 subgroups). In particular, COVID-19
infected patients had a higher respiratory rate, fraction of inspired oxygen (FiO2), PEEP,
and CRP values on admission. The respiratory rate, PEEP and CRP, however, were not
found to interfere with the VOC predictive signature. Furthermore, FiO2 was set to 100%
during all acquisitions to avoid any impact of dioxygen variations on PTR ionisation (Trefz
et al., 2019a). The hydroxychloroquine treatment may also be a potential confounder,
since it was administrated specifically to the patients with COVID-19 ARDS. However, no
correspondence was observed between the VOCs described in the present study and the
molecular masses of the known metabolites of hydroxychloroquine. In addition, the ob-
served concentrations of the VOC biomarkers decreased with time, whereas the hydrox-
ychloroquine dosage was constant during hospitalisation.
In line with a previous report on ARDS analysis by GC-MS (Bos et al., 2014b), the VOC

concentrations described in our study were not correlated with the severity of illness (as
judged by the SAPS II and the SOFA scores). This finding suggests that the exhaled breath
signature is a marker of COVID-19 per se, rather than a marker of the severity of illness.
Likewise, the VOC concentrationswere not correlatedwith the viral load (as independently
determined by Polymerase Chain Reaction, PCR), suggesting that this signature may be a
marker of the disease related to SARS-CoV-2 rather than of the virus carriage.
Two of the four prominent VOCs (with putative annotation: methylpent-2-enal and

nonanal) are aldehydes, while 2,4-octadiene is an alkadiene. These three compounds are
known to be expressed in breath (van de Kant et al., 2013; Corradi et al., 2004). Nonanal
is a sub-product of the destruction of the cell membrane as a result of oxidative stress;
reactive oxygen speciesmay be generated by various types of inflammatory, immune and
structural cell in the airways (Rahman, 2003).
A critical issue in breath analysis is the standardisation, to make results from indepen-

dent studies comparable (Miekisch et al., 2012; Herbig and Beauchamp, 2014; Bruderer

108



et al., 2019; Henderson et al., 2020). Indeed, breath composition is influenced not only by
ambient inhaled air, but also by many external factors, as shown in several studies of the
Rostock Medical Breath Research Analytics and Technologies (ROMBAT) team: the body
position (Sukul et al., 2015), exhalation strength (Sukul et al., 2016), upper-airway restric-
tions (Sukul et al., 2017), menstrual cycles (Sukul et al., 2018), medication, specific dietary,
or even sampling procedures (e.g. the use of Tedlar bags; Miekisch et al. 2008). Impor-
tantly, a particular attention should be paid during the design of the study to thematching
of patients and sampling conditions between the groups of interest. Finally, a validation
study using similar samplingmethods and processing parameters is of critical importance
for the clinical use of the candidate biomarkers.
Since the end of 2020, other studies were performed for the early diagnosis of COVID-19

infection fromexhaled breath onnonARDSpatients, with differentMSmethods, including
GC coupled to ionmobility (GC-IMS; 98 patients, sensitivity and specificity: 82.4% and 75%;
Ruszkiewicz et al. 2020), PTR-TOF-MS (340 patients, accuracy: 81.2%; Liangou et al. 2021),
GC-MS (81 patients, sensitivity and specificity: 68% and 85%; Ibrahim et al. 2021); GCxGC-
TOF-MS on exhaled breath condensate (EBC; 37 patients, AUC=0.98, accuracy: 100%; Bar-
beris et al. 2021). The VOCs selected by these studies differ from our 4 biomarkers, which
may be explained by the fact that the progression of the physiologic response of non
ARDS patients is different compared to severely ill and mechanically ventilated patients.
The differences between the resultsmay also result fromdistinct sampling procedures, or
specific ionisation selectivity and sensitivity from the MS instruments. Altogether, these
candidates provide a broader picture of the COVID-19 physio-pathology, and the results
from these studies highlight the potential of exhaled breath for early and non invasive
diagnosis.
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Part III

Conclusion and perspectives
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Conclusion

In this thesis, we have developed innovative tools and methods for biomarker discovery
in exhaled breath by means of Proton Transfer Reaction Time-of-Flight Mass Spectrom-
etry (PTR-TOF-MS), from the raw data processing up to the statistical analysis for clinical
applications.
We have developed the first freely available workflow for the PTR-TOF-MS data pre-

processing from exhaled breath (Chapter 4), starting from the raw data files, and provid-
ing as output the sample by variable table of intensities. Compared to existing software,
it provides new features for the monitoring of cohorts from exhaled breath. Especially,
an innovative 2D model based on P-splines regression enables a precise estimation of
the peak evolution over the acquisition time. The comparison on simulated data showed
that the developed methods clearly improve the classification of the VOC origin (exhaled
breath or ambient air), which is of critical interest for biomarker discovery. The developed
workflow has been implemented in the R package ptairMS, which is publicly available
on the Bioconductor platform, and includes a detailed tutorial and a graphical interface,
which makes it easy for clinicians to use. Our software is already used in routine at the
Exhalomics platform located within the pneumology department from the Hôpital Foch
(Suresnes, France), to process the acquisitions from breathing patients. Several clinical
studies are currently underway, mainly in pneumology, infectious diseases and oncology.
Our methodology then allowed the longitudinal analysis of intubated, mechanically

ventilated patients in record time (less than 6 months between the inclusion of the first
patient and the submission of the manuscript), and enabled to discover a biomarker sig-
nature of four VOCs for the diagnosis of COVID-19 infection (Chapter 6; Grassin-Delyle
et al. 2021). The currently most usedmethod for the diagnosis of COVID-19 is nasopharyn-
geal swab collection followed by reverse transcriptase-polymerase chain reaction analysis
(RT-PCR): this approach is invasive, requires instrumentation in laboratories, and has very
high specificity but moderate sensitivity (Zitek, 2020). Diagnosis with exhaled breath anal-
ysis is thereby of major interest for high-throughput population testing, since it is totally
non-invasive, painless, and gives the diagnosis in real-time. The design and commerciali-
sation of a breath test for COVID-19 infection is currently a very competitive field around
the world. Our VOCs signature is therefore the subject of a European patent, and a vali-
dation on a larger and independent cohort is in progress.

Our work therefore provides the scientific community with the computational methods
and tools to conduct clinical studies on exhaled breath through the PTR-TOF-MS technol-
ogy. It paves the way for new rapid and non-invasive tests at the patient bedside for
diagnostic purposes, monitoring of treatment response, or high-throughput population
screening.
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Perspectives

Bayesian deconvolution

Our proposed method for 2D peak deconvolution involves sequential steps, starting with
the detection of peaks in the mass dimension and followed by the building of the 2D
model. This is therefore an approximation since we perform the peak detection in a single
dimension once all mass spectra have been summed. Bayesian deconvolution methods
may therefore be a valuable alternative, since they include i) combined estimation of peak
locations and intensities, ii) denoising, and iii) baseline removal in 2D. In particular, non-
parametric Bayesian approaches allow to separate the baseline component from the set
of peaks, without using a parametricmodel for the baseline, and to deconvolute the peaks
without imposing a total number of peaks a priori.
The Bayesian approach considers each of the unknown quantities that we want to esti-

mate as random variables, with a prior probability law. These quantities are then updated
from the observations, through the Bayes’ rule (Gelman et al., 2004). This approach has
the advantage to provide knowledge of uncertainties and credibles intervals. In our case,
the model for peak detection would thus be written as:

(xi, yi)|(P,B,wi) ∼ wiP + (1− wi)B

with (xi, yi) the observed spectrum in 2D (i.e. m/z and time dimensions), P the mixture
of peaks, B the baseline, and wi the probability of belonging to peak or baseline. The
posterior law y|(P,B,w) would then estimated by Markov Chain Monte Carlo methods
(Grenn, 1995).
Barat et al. (2007a,b) proposed non parametric prior laws for P and B, respectively

the Dirichlet Process Mixture (DPM; Antoniak 1974) and 2D Polya Trees (PT; Mauldin et al.
1992), and aBeta distribution forw. Their SINBADalgorithmshows great performances for
peak location and quantification on gamma-ray spectra, especially for highly convoluted
peaks (Rohée et al., 2015; Rohée et al., 2016). Applying such an approach to PTR-TOF-MS
data would require new developments to adapt the priors and to ensure that the MCMC
framework converges rapidly.

Deep learning

Deep Learning (DL) has become one of the most active fields in artificial intelligence, with
high performances in a broad area of applications, especially for image classification using
Convolutional Neural Networks (CNN; Rawat and Wang 2017).
Applying DL to the 2DMS data considered as images, is therefore appealing: this would

eliminate the need for feature-engineering (peak detection and deconvolution). DLmeth-
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ods have already be applied to Imaging Mass Spectrometry (IMS; Behrmann et al. 2017)
and tandemmass spectrometry (Data Independent Analysis; Tran et al. 2019; Cadow et al.
2021. In case of PTR-TOF-MS data, a pixel would correspond to the count of ions within
an m/z bin and a time acquisition period. Since the duration of acquisition is different
between patients, the images would have to be resized (Siu and Hung, 2012).
DL offers a fast and accurate prediction, having a more global view of the data than

classical feature extraction methods. However, it presents two main limitations: the lim-
ited amount of labelled data for training and the lack of interpretability (e.g the m/z value
of the discriminant metabolites). To overcome the former issue, Cadow et al. (2021) used
a collection of publicly available DL models already trained for the task of natural im-
age classification. To address the interpretability of DL models, Behrmann et al. (2017)
proposed a strategy to interpret the learned model in the spectral domain, based on a
sensitivity analysis between the predicted class probabilities and each spectrum input.
Nevertheless, interpretability remains an open challenge for clinical applications (Ching
et al., 2018).
Instead of using DL on the whole raw data for direct prediction, the learning may be

restricted to the pre-processing workflow. Kantz et al. (2019) decreased the number of
false positive peak detection by 90% by training CNNmodels on manually labelled LC-MS
raw data subsets around detected peaks in the m/z and RT dimensions. In the context
of exhaled breath analysis, one could think to learn the VOC origin (exhaled breath or
external contamination) by training DLmodels on the raw data bands obtained after peak
detection in the mass dimension (instead of relying on statistical tests to discriminate
between exhaled and ambient phases).

Varying-coefficient models using P-splines

P-splines were used in both parts of this thesis, as they are particularly interesting flex-
ible tools for nonlinear smooth modelling without any parametric assumption. In the
pre-processing part, P-splines were used with a tensor product for 2D signal regression
to model the evolution of peaks during the acquisition time. In the longitudinal analysis
part, they were used within a mixed-effect modelling of the evolution of VOC concentra-
tions during hospitalisation time for each patient. In the latter case, however, we only per-
formed univariate time course modelling analysis. An alternative multivariate approach,
to take into account the interactions between the VOCs, is provided by varying coefficient
regression.
Varying-coefficientmodels (VCM;Hastie and Tibshirani 1993) are predictivemodelswhere

coefficients are allowed to change smoothly with the value of other variables, called "ef-
fect modifiers" (e.g. time, age). Let us denote tij the time-points at which the measure-
ments for the ith patient were recorded, yij the response, and Xij = (x1ij , ...x

p
ij) the p
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predictor values. In the case of a generalised linear model, the model is written as follow
(Hoover et al., 1998):

g(yij) = XT
ijβ(tij) + ϵ(tij)

where g is a link function (e.g. logit for binary variable or identity for regression), β(t) =
(β1(t), ..., βp(t)) are smooth functions, and ϵ(t) is a zero-mean stochastic process. The
β(t) smooth functions would then be estimated with P-splines: β(t) =

∑K
k=1 γkbk(t),where (b1(t), ..., bK(t)) are B-splines function, and a difference penalisation is applied to

the optimisation least squares problem, according to the P-spline theory (Marx, 2010; Li
and Zhang, 2010). This model has been used in several applications including economics,
spatialmodelling and epidemiology, and has been generalised to the Bayesian framework
(Franco-Villoria et al., 2019; Heuclin et al., 2021).

Electronic noses

The Exhalomics platform is also equipped with several electronic noses (eNose; Gardner
and Bartlett (1994); Devillier et al. (2017)). eNose technologies have already been applied to
clinical applications (Di Natale et al., 2014; Farraia et al., 2019). It is a portable and low cost
technology, using an array of sensors that are relatively selective for different families of
VOCs, and is compatible with online acquisitions (Bruderer et al., 2019). PTR-TOF-MS and
eNoses are therefore two complementary technologies which are evaluated in parallel for
each patient at the Hôpital Foch. In particular, coupling eNose with PTR-TOF-MS may be
useful to support the development of optimised sensors, as recently explored by other
teams for malaria transmissible stage prediction (Capuano et al., 2019).

VOCs identification with GCxGC MS

We have shown that the PTR-TOF-MS instrument is a method of choice for biomarker dis-
covery, due to its fast response time, its high sensitivity (limits of detection in the pptv
range), and since it can be operated readily at the point of care. However, this approach
only provides information on the mass/charge ratio of the compound, which is limiting
for the structural identification of themetabolite (and hence for the characterisation of its
biological role). Additional MS technologies offering higher mass resolution, chromato-
graphic separation, and fragmentation, are thus required for metabolite identification.
The Exhalomics platform recently acquired a two-dimensional gas chromatography TOF
mass spectrometer (GCxGC-TOF-MS; Liu and Phillips 1991; Phillips et al. 2013), a power-
ful tool for multidimensional analysis of complex samples with the potential to identify a
greater number of VOCs.
Comprehensive two-dimensional GC (GCxGC) extends the chromatographic separation
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by pairing two columns with complementary stationary phases. Therefore, compounds
that would co-elute in conventional GC may be separated by the GCxGC system. The
resulting data contain three dimensions: two retention times (one from each chromato-
graphic separation) and amass spectrum that is relatively unique to each compound. Very
few open source tools for the pre-processing of such data already exist (Ramaker et al.,
2017; Quiroz-Moreno et al., 2020; Wilde et al., 2020), and focus on baseline correction,
denoising, peak alignment using correlation optimised warping with a reference chro-
matogram (Zhang et al., 2008), and identification by matching mass spectral signatures to
a library of mass spectra. Peak detection and deconvolution in 2D, however, remain to be
developed, and will benefit from the rich datasets currently analysed on the Exhalomics
platform.
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Abstract

Motivation: Analysis of volatile organic compounds (VOCs) in exhaled breath by proton transfer reaction time-of-
flight mass spectrometry (PTR-TOF-MS) is of increasing interest for real-time, non-invasive diagnosis, phenotyping
and therapeutic drug monitoring in the clinics. However, there is currently a lack of methods and software tools for
the processing of PTR-TOF-MS data from cohorts and suited for biomarker discovery studies.

Results: We developed a comprehensive suite of algorithms that process raw data from patient acquisitions and
generate the table of feature intensities. Notably, we included an innovative two-dimensional peak deconvolution
model based on penalized splines signal regression for accurate estimation of the temporal profile and feature quan-
tification, as well as a method to specifically select the VOCs from exhaled breath. The workflow was implemented
as the ptairMS software, which contains a graphical interface to facilitate cohort management and data analysis.
The approach was validated on both simulated and experimental datasets, and we showed that the sensitivity and
specificity of the VOC detection reached 99% and 98.4%, respectively, and that the error of quantification was below
8.1% for concentrations down to 19 ppb.

Availability and implementation: The ptairMS software is publicly available as an R package on Bioconductor (doi:
10.18129/B9.bioc.ptairMS), as well as its companion experiment package ptairData (doi: 10.18129/B9.bioc.ptairData).

Contact: camille.roquencourt@hotmail.fr

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Volatolomics is the study of volatile organic compounds (VOCs)
emitted by a biological system (Amann et al., 2014), which can be
found in several human matrices such as saliva, urine, skin, blood
and exhaled breath. Recently, many studies have highlighted the po-
tential of VOC analysis from exhaled breath for early diagnosis, dis-
ease phenotyping, therapeutic drug monitoring or toxicological
analysis (Boots et al., 2015; Bruderer et al., 2019; Einoch Amor
et al., 2019; Pereira et al., 2015; Rattray et al., 2014). One of the
main advantages of breath analysis is its non-invasive nature
(Devillier et al., 2017).

Mass spectrometry is a powerful method for the study of small
volatile molecules (Rattray et al., 2014). Recently, ‘on-line’

technologies, where the patient blows directly into the mass spec-
trometer, have emerged as promising approaches for the real-time
analysis at the point of care (Bruderer et al., 2019; Devillier et al.,
2017). Such strategies are of major interest for the screening and
monitoring of individual patients or cohorts (Trefz et al., 2013). The
potential of proton transfer reaction coupled to time-of-flight mass
spectrometry (PTR-TOF-MS; Blake et al., 2009; Herbig et al., 2009;
Jordan et al., 2009) for biomedicine has been shown in applications
such as emphysema, liver cirrhosis, chronic kidney disease and dia-
betes (Cristescu et al., 2011; Fernández del R�ıo et al., 2015;
Obermeier et al., 2017; Pleil et al., 2019). PTR-TOF-MS spectrome-
ters provide limits of detection in the parts per billion by volume
(ppbv) range and rely on VOCs ionization with a transfer of proton
from a reagent ion (usually H3Oþ), then subsequent detection of the
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resulting ions with time-of-flight (TOF)-MS. During data acquisi-
tion, which is very fast, the instrument continuously analyzes the air
flowing through a buffer tube (i.e. ambient air by default) and the
patient is asked to expire a few times into the tube. Each data file (in
the HDF5 open format; Koziol, 2011) contains the ion intensities
stored as a numerical matrix whose dimensions are the TOF bins
(which can be converted to m/z values) and the acquisition time.

Two processing software are currently available for PTR-TOF-
MS data, the commercial Ionicon Data Analyzer (IDA) released in
2020 based on the algorithms by Müller et al. (2013) and the open-
source PTRwid (Holzinger, 2015). These software tools allow the
analysis of high-resolution, TOF-MS data with the following char-
acteristics: (i) single (or multiple for PTRwid) file analysis, (ii) in-
ternal m/z calibration, (iii) untargeted peak detection and
deconvolution and (iv) quantification and suggestion of elemental
composition. They are particularly suited for the analysis of very
large files resulting from continuous environmental monitoring.
However, there are specific needs for breath research in patient
cohorts which have to be covered. For instance, the simultaneous
analysis of multiple samples requires that peak lists from different
samples may be aligned; in addition, the parallel processing of sev-
eral files would be a time-sparing capability; furthermore, a correct
distinction of the signals coming from the background and the ex-
piratory phases is needed; finally, implementing a background cor-
rection of the ambient air composition as a function of time would
be an asset for accurate peak detection and quantification
(Beauchamp, 2011; Filipiak et al., 2012; �Span�el et al., 2013).

We have therefore developed a suite of algorithms for the proc-
essing and analysis of PTR-TOF-MS data for untargeted breath ana-
lysis and biomarker discovery in patient cohorts. In particular, the
penalized regression on a B-spline basis (P-splines) was used for
adaptive temporal modeling (Eilers and Marx, 1996), and the coeffi-
cients in both m/z and time dimensions were jointly estimated with a
two-dimensional (2D) tensor product. This approach enables to esti-
mate all temporal trends without any parametric hypothesis, and to
precisely separate peaks in the m/z dimension at each time. The tem-
poral profiles are then used to correct the external contamination,
using linear ambient air baseline removal and statistical testing of
mean intensity in ambient air versus exhaled breath.

The whole workflow from the raw data files up to the table of
peak intensities is implemented as the ptairMS package (doi:
10.18129/B9.bioc.ptairMS) available on Bioconductor (Gentleman
et al., 2004). It includes specific features to facilitate routine clinical
analysis (e.g. graphical user interface, quality control checks, sample
metadata management, iterative inclusion of new acquisitions). In
the following, we will first describe the methods used for each step
of the workflow, and then present the results obtained with simu-
lated, experimental, and clinical datasets.

2 Materials and methods

The suite of algorithms developed for the processing of PTR-TOF-
MS data from exhaled breath, and implemented in the ptairMS R
package, takes as input the name of the directory containing the raw
files in HDF5 format, and ultimately generates the samples by varia-
bles table of peak intensities. The main steps of the workflow are
summarized below and detailed in the following of Section 2. This
workflow proposes innovative developments for the breathomics
analysis of cohorts, including 2D processing and ambient air quanti-
fication and correction methods, which were implemented to previ-
ous literature on breath analysis.

1. Processing of each file

a. Internal calibration of the m/z axis

b. Determination of expiration limits

c. Untargeted peak detection and quantification in exhaled

breath
• Detecting peaks on the average total ion spectrum
• Estimating the temporal evolution for each peak

• Quantifying
• Ambient inhaled air correction
• Statistical testing of intensity differences between ambi-

ent air and expiration phases

2. Alignment between samples followed by quality control
• Aligning features between samples
• Filtering features based on reproducibility within the whole

cohort or sample classes
• Filtering features based on the P-value from the test in (1.c)

3. Imputation of missing values

4. Putative annotation (including isotopes)

5. Export of the peak table and metadata

6. Peak table update when new files are included in the input directory

2.1 Processing of each file
2.1.1 Calibration

Calibration converts the TOF values recorded by the mass spectrom-
eter into m/z values: m=z ¼ ðtof�bÞ2

a (Brown and Gilfrich, 1991). To
estimate the parameters (a, b), the Levenberg–Marquardt algorithm
is used, with couples (tof, m/z) of reference peaks without overlap
(Cappellin et al., 2010; Müller et al., 2013). For exhaled breath,
we suggest using the following peaks: the primary ion isotope
(m/z 21.022), dinitrogen (m/z 29.013) and the acetone isotope
(m/z 60.053). External calibration ions such as iodobenzene
(m/z 203.943), and diiodobenzene (m/z 330.850) can also be used
for calibration in instruments with internal permeation devices. As a
drift over time is observed due to low changes of temperature, cali-
bration is performed periodically (e.g. every minute) to update the
(a, b) values. The shift is subsequently estimated for each m/z as a
function of time by linear interpolation.

2.1.2 Expiration detection

Determination of expiration limits and background (ambient air) is
a very important step for the analysis, as boundaries will be used for
quantification and for the statistical test for features selection in
Section 2.1.3. Classically, a raw data ion trace is used to automatic-
ally detect expiration. Herbig et al. (2009) propose to use acetone
(m/z 59.049), CO2 (m/z 44.997) or humidity with the water cluster
isotope (m/z 39.033) as ion traces. We used the same method as
described by Schwoebel et al. (2011) and Trefz et al. (2013), to auto-
matically detect expiration and inhalation phases on an ion trace. In
addition, we designed a specific panel from our graphical interface
to the visualization (and possible manual modification) of the expir-
ation limits (as described in Section 3.3 below).

2.1.3 Untargeted peak detection and quantification in exhaled

breath

Raw data consist in a numerical matrix of TOF counts, whose
dimensions are �105 bins (m/z between 0 and 500 Da), and �102 s
(depending on the acquisition time). After m/z calibration, data are
processed sequentially within bands centered at each nominal mass
within an interval of 60.6 Da (since VOCs are of low molecular
weight, <500 Da, peak m/z are clustered around nominal masses;
Cappellin et al., 2011; Müller et al., 2011), and covering the full
time range. The following steps are then applied: (i) peaks are
detected in the mass axis on the sum spectrum, (ii) their temporal
evolution is estimated by a tensor product with P-splines, (iii) statis-
tical tests are performed to identify if VOCs come from exhaled
breath or ambient air and (iv) their average intensity in expiration
phases are quantified in ppb (Fig. 1).

Peak detection on the average spectrum in 1D: The peak picking
algorithm in the m/z dimension is mainly based on Müller et al.
(2013). Due to the medium resolution of the instrument (5000 to
10 000), a parametric peak function is required for peak separation.
The described estimation of the peak shape starts from the 10% en-
velop quantile of the normalized and filtered raw spectrum between

2 C.Roquencourt et al.
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a given intensity range, and performs an iterative peak detection on
the residuals to deconvolve the peaks (Holzinger, 2015; Müller
et al., 2013). We also included three alternative parametric functions
which may be useful for TOF peak shapes, namely the asymmetric
sech2, gaussian and lorentzian functions (Lange et al., 2007). The
best peak function is selected automatically according to the R2 cri-
terion on the calibration peaks. To sum up, the different steps of the
peak detection on the average ion spectrum around each nominal
mass are (Fig. 1A):

1. Baseline removal (Ryan et al., 1988)

2. Estimation of the noise threshold and autocorrelation within

the ‘off-peak’ interval ½m� 0:6;m� 0:4� [ ½mþ 0:4;mþ 0:6�
(Müller et al., 2011)

3. Savitzky–Golay signal filtering by using optimal windows, fol-

lowed by detection of local maxima by using the first and second

derivatives (Savitzky and Golay, 1964; Vivo Truyols and

Schoenmakers, 2006)

4. Peak deconvolution, by using a peak function of the mass m and

depending on the parameters l (peak center), r (peak width) and

h (peak height): h� peakðl;rÞðmÞ
5. Iterative residual analysis, which stops as soon as one of the fol-

lowing criteria is met: R2 > R2min (default: 0.995), noise auto-

correlation < autocorMax (default: 0.3), the maximum number

of iterations is reached (default: 4), the maximum number of

detected peaks is reached (default: 7) (Müller et al., 2013)

Estimation of the temporal evolution with penalized signal re-
gression using P-splines in 2D: To estimate the temporal evolution
of each peak, we used a 2D regression approach (Marx and Eilers,
2005), which consists of a tensor product between P-splines and the
previously estimated m/z peak functions (Fig. 1B). B-splines (basis
splines) are polynomial basis functions spread all over a set of knots
(de Boor, 1978; Dierckx, 1995). P-splines (penalized B-splines) are
B-splines with a difference penalty applied to the coefficients to con-
trol the smoothness, and thus overfitting (Eilers and Marx, 1996).
The P-spline approach is very powerful to model any profile without
a priori knowledge of the data and to provide interpretable coeffi-
cients (Eilers and Marx, 2021; Wood, 2006). It has been used in
many applications and theoretical works (Eilers et al., 2015), such
as data smoothing (Currie and Durban, 2002), Bayesian statistics
(Gressani and Lambert, 2021) and machine learning with general-
ized additive models (Brezger and Lang, 2006; Wood, 2006). To
model interactions in multiple dimensions, the tensor product pro-
vides a straightforward generalization of this basis (Sidiropoulos
et al., 2017). Here, we therefore used tensor product modeling to
achieve a fast deconvolution of peaks in both m/z and time

dimensions simultaneously, as described below. Raw data are proc-
essed sequentially within bands around detected peaks (the 1%
quantile of the estimated mixture of peak functions is used to define
the m/z bounds), and covering the full acquisition time. In a prelim-
inary step, the baseline in the m/z dimension is estimated at each
time point by linear regression between the two m/z boundaries and
is subsequently removed, and the calibration shift estimated in
Section 2.1.1 is corrected by linear interpolation. Let us then denote

f ðtÞ ¼
PK

j¼1

ajsjðtÞ, and gðmÞ ¼
Pnpeak

i¼1

hipeakl̂ i ;r̂ i
ðmÞ, the functions repre-

senting the acquisition time and the m/z profiles, respectively, with
peakl̂ i ;r̂ i

ðmÞ being the function of peak i estimated in the previous

section, and with ðs1; . . . ; sKÞ being cubic B-spline functions for
the set of knots ðk1; . . . ; kKÞ. The 2D model is obtained by
writing each peak coefficient hi in the B-spline basis:

fbðt;mÞ ¼
Pnpeak

i¼1

PK

j¼1

bijsjðtÞ � peakl̂ i ;r̂ i
ðmÞ, with bij ¼ hi � aj.

The bij coefficients are estimated according to the P-splines
theory, by minimizing the following penalized regression, where the
penalty is applied only to the time dimension:

min
b

XT

t¼1

XM

m¼1

ðYmt�fbðm; tÞÞ2 þ k
Xnpeak

i¼1

XK

j¼3

ðD2bijÞ2 (1)

where D2bij ¼ bi;j � 2bi;j�1 þ bi;j�2 is the second order difference, i
(resp. j) represents the knots location of mass (respectively, time)
axis, m (respectively, t) represents the index of mass (respectively,
time) axis, and Y is the raw data matrix of dimensions M�T after
baseline removal and calibration shift correction.

The choice of the knot locations and the penalty coefficient k are
very important, since too many knots may lead to over fitting, and
too few knots may result in under fitting. Classically, knots are
uniformly distributed over the data range in order to facilitate the
interpretation of the penalty applied to the successive knot differen-
ces (Eilers and Marx, 1996). In our case, however, (i) exhaled breath
phases are the main focus of our quantification and (ii) inhaled air
phases are generally constant. We therefore propose to target the
knot locations mainly around the expiration phases (Supplementary
Fig. S1). This allows to reduce the dimension of the model, and
thus the computational time, while maintaining a good fit
(Supplementary Table S1). Alternatively, a uniform distribution of
the knots along the time axis may be selected, in case the user has no
a priori knowledge about the temporal profile of the compound.
The optimal k value is selected with grid search using the generalized
cross-validation criterion (Eilers and Marx, 2010).

Quantification: For each peak i, quantification (in counts per
extraction) is first performed at each time point t by summing
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Fig. 1. Main steps of the pre-processing algorithms for a single PTR-TOF-MS raw file containing six expirations. (A) Peak detection in the m/z dimension with a parametric

peak shape after baseline correction. (B) Two-dimensional penalized regression, with a tensor product between the mixture of peak functions from Step (A) and a P-spline

basis. The penalty parameter for the time axis is estimated by the generalized cross-validation criterion. Crosses indicate knot locations (i.e. where the coefficients are

estimated). The fitted splines for Peak 1 at m/z 39.02 (respectively, Peak 2 at m/z 39.03) are shown in red (respectively blue). (C) Estimation of the temporal evolutions by

summing each modeled peak from Step (B) along the time dimension. Two unilateral t-tests are applied to compare expiration and ambient air intensities. If expiration

values are significantly greater (respectively, lower) than ambient air, as for Peak 2 (respectively, Peak 1), the feature is considered as originating from ‘expiration’ (respectively,

‘ambient air’)
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the 2D model along the m/z dimension: ci
t ¼

PM

m¼1

PK

j¼1

b̂ij�

sjðtÞ � peakl̂ i ;r̂ i
ðmÞ. This results in a temporal series ðci

1; . . . ; ci
TÞ,

with T being the acquisition duration (Fig. 1C).
These amounts of VOC i at each time point are then normalized

and converted to absolute quantities Qi
t as follows. First, since the

intensities provided by the instrument at each time point are in fact
the sum of a fixed number of internal acquisitions, the ci

t are normal-
ized (as counts of ions per second; cps) by dividing by the integrated
internal time period and by multiplying by the single ion pulse volt-
age (Müller et al., 2014). To obtain the concentration, the latter val-
ues are then normalized by the reagent ion (H3Oþ) intensities, the
reaction rate coefficient between the VOC and H3Oþ, and the resi-
dence time of the primary ions in the drift tube (normalized cps,
ncps; Cappellin et al., 2012). The final normalization by the density
of the air in the reaction chamber gives the absolute concentration
of the VOC, expressed in part per billion (ppb).

The absolute concentration of VOC i in exhaled breath is
obtained by averaging all Qi

t corresponding to the time points t
within the expiration phases.

Ambient inhaled air correction: To correct the ambient inhaled
air level in exhaled breath, we propose to subtract the ambient air
baseline of the temporal profile of each detected VOC, using a poly-
nomial fit (default degree 3) computed on the ambient air time
points. This method is based on the concept of ‘alveolar gradient’,
introduced by Phillips (1997). Note that the subtraction step may be
omitted in particular cases, as detailed in the discussion (a specific
parameter is included in the software tool).

Statistical testing of intensity differences between expiration
and ambient air phases: Two unilateral statistical tests (t-tests) are
used to compare intensities within and between expirations (i.e.
exhaled breath and ambient air). Compounds with intensities that
are significantly higher (respectively, lower) within expiration
phases are considered to be from exhaled breath (respectively, from
ambient air). If none of the tests is significant, the compound is
labeled as ‘constant’ (e.g. in the case of internal ions generated by
the instrument).

2.2 Alignment
Once the peak lists have been extracted from each file, alignment of
the features between the samples is performed by using a kernel
Gaussian density (Delabrière et al., 2017; Smith et al., 2006). Two
quality control steps may then be applied to select features (i) with a
high reproducibility between samples (alternatively between classes
of samples), and/or (ii) labeled as ‘exhaled breath’ in the majority of
samples (by thresholding the P-value of the statistical tests described
above).

2.3 Imputation
Imputation of missing values is performed by re-rerunning the peak
detection algorithm on the raw data with updated constraints in the
m/z dimension, namely without any minimum intensity threshold
and with a restricted m/z width for the peak center.

2.4 Annotation and isotope detection
Putative annotations are computed by matching the measured ion
masses to an internal table extracted from the Human Breathomics
Database (Kuo et al., 2020). Isotope annotations are suggested on
the basis of three criteria: m/z difference value, correlation of the
temporal profiles within the sample, and correlation of the inten-
sities between the samples.

2.5 Software implementation
All algorithms were written in R (R Core Team, 2021), and imple-
mented as the ptairMS package (https://doi.org/10.18129/
B9.bioc.ptairMS), freely available on the Bioconductor platform
(Gentleman et al., 2004). The companion ptairData experiment
package (https://doi.org/10.18129/B9.bioc.ptairData), also available

on Bioconductor, contains the raw files from two datasets from
exhaled breath and bacteria culture head space, respectively, as well
as the simulated raw data file described in the following Section 3.

The main ptairMS methods are described in Supplementary
Figure S2. Briefly, a ptrSet object is built by providing the name of
the directory containing the HDF5 raw files. This object is then
completed at each step of the processing. In addition, the ptrSet may
be updated by adding new raw files to the directory, or by providing
new sample metadata. The ptairMS output contains the table of
peak intensities as well as the sample and variable metadata, which
can be exported as three tabular files, or as a single ExpressionSet
object, for subsequent statistical analysis.

3 Results

We developed a suite of algorithms for the preprocessing of PTR-
TOF-MS data files and the untargeted analysis of exhaled breath
from cohorts. Our workflow consists of the following main mod-
ules: peak detection, expiratory phases detection, temporal estima-
tion, VOCs quantification and alignment between samples
(Supplementary Fig. S2). It has been implemented in R as the
ptairMS package, which is freely available on the Bioconductor re-
pository. The package includes a Shiny graphical interface to facili-
tate data management and analysis by the end-user.

3.1 Quantification and untargeted VOCs detection in a

standardized gas mixture
The quality of VOC detection and absolute quantification by
ptairMS was first assessed with the analysis of a reference gas con-
taining a mixture of VOCs in known amounts: 14 compounds with
8 distinct masses and 18 isotopes (TO-14 standard gas mixture,
Restek; see the detailed list of expected molecules in the
Supplementary Table S3). Ten dilutions of the gas mixture were
measured in six replicates, with or without applying an activated
charcoal filter (Supelpure HC hydrocarbon trap, Sigma-Aldrich,
Saint-Quentin-Fallavier, France) on the ambient air input (three rep-
licates each). During each acquisition, the aspiration of the reference
gas was switched on and off three times to mimic ‘expiration’ pro-
files. Sample analysis was performed with a PTR-Qi-TOF (Ionicon,
Innsbrück, Austria).

The 60 raw files were pre-processed by ptairMS in less than
15 min (on a quad-core laptop). A total of 314 (respectively, 180)
compounds were detected in the absence (respectively, presence) of
the charcoal filter. In particular, 45 compounds were selected after
sample alignment in at least 90% of one dilution factor, and in the
simulated ‘expiration’ phases of at least 90% of all samples
(Fig. 2A), according to the statistical test implemented in ptairMS to
compare intensities between simulated expiration and ambient air
phases (see Section 2).

Importantly, all the expected compounds were detected, as well
as their isotopes, with an m/z error inferior to 20 ppm, and an aver-
age coefficient of linearity R2 with the concentration factor of
0.999. The 19 additional detected features most likely correspond to

Fig. 2. ptairMS analysis of a reference VOC mixture. (A) Heatmap of the log2 con-

centrations in ppb of the 45 selected VOCs before the imputation step. (B) The sum

of the 45 compounds concentrations for each replicate (dashed line) as a function of

the concentration factor. The expected total concentration is shown as a red line
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fragments from these VOCs, since some are below the expected con-
centration (Supplementary Fig. S3). To evaluate the quantification,
we computed the difference between the sum of the 45 compound
concentrations and the expected concentration, which was less than
8.1% for the concentrations above 19 ppb (Table 1 and Fig. 2B).
The coefficient of variation (CV) between replicates was <5%
(Table 1), even in the absence of charcoal filter, which demonstrates
that the ambient air intensity is well subtracted from the exhaled
breath signal in ptairMS.

3.2 VOCs temporal profile classification and

comparison to the state of the art on simulated data
The performance of the present and previously described software
(Holzinger, 2015; Müller et al., 2013) were compared using simu-
lated data from PTR-TOF-MS exhaled breath analysis. First, tem-
poral evolutions were extracted from a large in-house database of
patient acquisitions (>10 000 expiration and ambient air profiles),
after normalization and Savitzky–Golay smoothing. Second, peak
clusters were generated around nominal masses 21 to 400, with an
asymmetric sech2 peak shape distribution. Peaks parameters were
randomly selected for each nominal mass: i.e. the asymmetry coeffi-
cient the peak width, the number of overlapping peaks (1 to 3), the
peak proximity, the intensity of the highest peak, the ratio of neigh-
boring peaks, and the class of temporal profile (‘expiration’, ‘ambi-
ent air’ or ‘constant’). The exact m/z value of the first peak was
selected from the formula library CxHyOzNt used by PTRwid
(Holzinger, 2015). Finally, background noise was added by using a
Poisson stochastic process (Gundlach-Graham et al., 2018), with a
Gaussian distribution to model the single ion Pulse-Height. The ran-
dom drawing of each parameters is detailed in the Supplementary
Table S2, and the code used for the simulation, as well as a represen-
tative simulated data file in the HDF5 format, are included in the
ptairData R/Bioconductor companion package.

Ten simulated files, containing a total of 7028 peaks, were proc-
essed with ptairMS (version 0.1), PTRwid (version 002 IDL) and
IDA (version beta 0.9.4.8). ptairMS, which is the only software
allowing simultaneous multiple file processing, enabled to process
the 10 files in <10 min. Mass calibration was performed using the
peaks at m/z 21.022, 203.943 and 330.84 for the three software, in-
tentionally simulated without overlap at the exact masses. The cali-
bration stability period was set to the acquisition duration, since no
calibration shift was added. To ensure a good estimation of the peak
shape for the three software, we simulated more single peaks in the
intensity range set for the calculation of the peak shape. Finally, the
‘sensitivity’ parameter for IDA peak detection was decreased to
25%, in order to limit the number of false positives. The other
parameters from each software tool were kept to default values.

Results of the comparison are shown in Table 2. The best preci-
sion of peak detection and mass accuracy were obtained with
ptairMS, and the peak detection recall was slightly lower than IDA
(98.40% versus 98.49%). The mass accuracy depends only on peak
detection, since no mass deviation was included in the simulation.
Of note, the reported mass accuracy for PTRwid was computed be-
fore calibration: indeed, the masses from the simulated multiple
peaks may not match with the internal chemical formula library
used by PTRwid for calibration, especially for masses >300 Da (the
mass accuracy for PTRwid after calibration was 20 ppm).

Quantification was further evaluated on the peaks which were
well detected by all software. The mean absolute percentage error

between the estimated temporal evolution and the input of the simu-
lation was 4.96% for ptairMS and 14.65% (respectively, 5.38%)
for PTRwid (respectively, IDA). Finally, we compared the ability to
discriminate the compounds from exhaled breath and ambient air,
based on two unilateral t-tests comparing the intensities in the two
acquisition phases (see Section 2.1.3). ptairMS was shown to detect
the expiration profiles with the highest sensitivity and specificity,
with a global accuracy of 99% (compared to 87% and 95% for
PTRwid and IDA; Table 2). As illustrated in Figure 3 on two simu-
lated peaks with close m/z values, an exogenous VOC (i.e. with a
constant profile) at m/z 82.034 was erroneously classified as ‘expir-
ation’ by PTRwid and IDA but not by ptairMS, as a result of a less
precise temporal estimation of the two first software tools.
Altogether, these results demonstrate that ptairMS is well suited for
biomarker research by breath analysis.

3.3 Application to real datasets
The ptairMS software has been designed for biomarker discovery in
large clinical cohorts. First, it is fast (<1 min for a 3–5 min acquisi-
tion), and files can be processed with parallel computing and in a
batch mode. Second, studies can be readily incremented with new
files (e.g. if new patients are included): only the processing of these
new files and the final alignment between samples are performed to
update the peak table of the whole cohort. Third, the whole work-
flow can be run interactively through a graphical user interface,
which provides visualizations (expiration phases, peaks in the raw
data, peak table, individual VOCs), quality controls (calibration,
resolution, peak shape and evolution of the reagent ions with time),
and exploratory data analysis (Fig. 4). A detailed documentation
including several use cases is included in the package.

ptairMS is already used in routine in the clinic to process the
acquisitions from freely breathing patients in some breath research cen-
ters using PTR-Qi-TOF MS. Files from a distinct PTR-TOF 8000 in-
strument (Ionicon) (Trefz et al., 2013; Vita et al., 2015) were also
successfully processed with ptairMS (Supplementary Figs S4 and S5).
These results highlight the ability of the algorithms to adapt to various
resolutions, time bin periods, peak shapes and temporal profiles.

4 Discussion

We have developed an innovative workflow for the fast processing of
PTR-TOF-MS data from exhaled breath. The suite of algorithms
includes untargeted peak detection and deconvolution in the mass di-
mension, expiration phases detection, estimation of the temporal evolu-
tion of the peak intensity during the acquisition and quantification.
Compared to the two existing software, it enables for the first time to

Table 1. Mean absolute percentage error (MAPE) and coefficient of

variation (CV) between replicates of the ptairMS processed data

from the reference gas mixture acquisitions

Expected ppb per compound MAPE (%) CV (%)

½1:3; 13� 47.9 4.3

½19; 32� 8.1 3.4

½44; 128� 2.5 2.8

Table 2. Comparison of peak detection and quantification by

ptairMS, PTRwid and IDA on 10 simulated files (7028 peaks)

Software ptairMS PTRwid IDA

Mass accuracy (ppm) 3 12a 5

Peak detection precision (%) 99.99 98.87 97.30

Peak detection recall (%) 98.40 87.19 98.49

MAPE (%) 4.96 14.65 5.38

Expiration sensitivity (%) 98.53 91.45 94.52

Expiration specificity (%) 99.01 86.31 97.03

Global accuracy (%) 99.12 86.73 95.31

Note: The precision (respectively, recall) of peak detection is the propor-

tion of detected peaks which correspond to actual simulated peaks (respect-

ively, the proportion of actual simulated peaks which were detected by the

software tools). The mean absolute percentage error (MAPE) is used to assess

the quality of the temporal profile estimation. Expiration sensitivity, specifi-

city and accuracy refer to the classification of VOC origin as exhaled breath

(vs. ambient air). For each metric, the best performance is shown in bold.
aThe reported mass accuracy for PTRwid was computed before calibration

as explained in the text.
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Fig. 3. Estimation of the temporal profile by ptairMS, compared to the PTRwid and IDA software on simulated data. Right: raw simulated data of two overlapping peaks (as

shown in 2D), and the corresponding total mass spectrum. In this particular example, the VOC at m/z 82.02 (respectively, m/z 82.03) was simulated by using an ‘expiration’

(respectively, a ‘constant’) temporal profile. Left: temporal profiles estimated by the three software (solid colored lines), compared to the simulated profile (ground truth shown

as black dots), for the two peaks (top: m/z 82.02 and bottom: m/z 82.03). As observed with the peak at m/z 82.03, the temporal estimations from PTRwid and IDA lead to an

erroneous classification of the VOC as expiration or ambient air

Fig. 4. The ptairMS graphical user interface to monitor the processing and exploratory analysis of cohorts, as illustrated with the COVID-19 dataset (Grassin-Delyle et al.,

2021). (A) The ‘Read and check data’ tab enables to open the data (either from a new study or to update an existing one), and to perform the calibration and the detection of

expirations, and provides optimal parameter values for the peak shape and the resolution. (B) The ‘Detect peak’ tab provides single file visualizations of the raw data, of the

detected peaks, and of the temporal profiles. (C) The ‘Align samples’ tab displays the final peak table as well as the individual features colored according to the sample meta-

data. (D) The ‘Statistical Analysis’ tab displays the score plot from the Principal Component Analysis of the peak table [only the first time point of each patient is shown here,

as in Grassin-Delyle et al. (2021)], and the list of features with their putative annotations, in decreasing order of loading values
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conduct the analysis of clinical cohorts, with parallel file processing, in-
cremental addition of new patient files, quality control of the acquisi-
tions along clinical trials, alignment between the samples, and final
statistical tests to discard exogenous VOCs. The full workflow was
implemented in the R package ptairMS which is publicly available on
the Bioconductor repository and includes a detailed tutorial. Raw files
from two experimental datasets, as well as one simulated file, are pro-
vided in the companion ptairData package. The public availability of
all data and source code will therefore be of high value for the reprodu-
cibility of the analyzes, and the benchmark of software tools
(Wilkinson et al., 2016).

The quality of the untargeted peak detection and absolute quantifi-
cation was assessed by using a standardized gas mixture: all com-
pounds were detected by ptairMS with an m/z precision lower than
20 ppm, an intensity error below 8.1% (for compounds with concen-
trations >19 ppb), an average R2 coefficient with the concentration
factor of 0.999, and a CV <5%, thus demonstrating the performance
of the detection and quantification. However, it is important to note
that the standardized gas used does not reflect breath matrices. In prac-
tice, humidity saturation of exhaled breath biases the VOC quantifica-
tion in PTR-MS instruments, with divergent behavior for different
substance classes (Trefz et al., 2018). This effect also impacts the pro-
posed correction of the ambient air level (which consists in subtracting
the ambient air baseline from the temporal profile estimated for each
VOC). Since the exhaled breath and ambient air have different concen-
trations of humidity, O2, and CO2, the direct subtraction should not
therefore be considered as an absolute quantification, but rather as a
relative concentration, which can be used to compare patients. To fur-
ther compute accurate concentration differences between inspiratory
and expiratory phases, adequate humidity-adapted calibrations are
required (Trefz et al., 2018).

Since the estimation of the temporal profiles is a key aspect of
breath analysis, we have developed a 2D model based on P-spline re-
gression. Compared to the existing software which are well suited
for single-file, large data from environmental monitoring, we dem-
onstrate that ptairMS is very convenient for breath analysis, achiev-
ing highest sensitivity and accurate quantification. It should be
noted that the temporal estimation of the peak intensities relies on
the m/z values previously computed on the total ion spectrum (i.e.
these m/z values are not re-evaluated at each time point) which
allows a fast computation. While alternative approaches may be
considered for the combined estimation of location and intensity of
the peaks in 2D (such as Bayesian methods or non-linear optimiza-
tion; Barat et al., 2007; Binette et al., 2020; He et al., 2014), the
ptairMS algorithms already provides precise m/z and intensity esti-
mations, in a computation time (<1 min) which is compatible with
the real-time patient analysis.

The classification of the VOC origin between exhaled breath and
ambient air was shown to be improved with ptairMS (due to the 2D
modeling), with an accuracy up to 99%. The control of external fac-
tors such as the ambient air (Trefz et al., 2013), but also the dioxygen
concentration (Trefz et al., 2019), the patient medication, or specific
diets, is of critical importance in breath analysis (Hanna et al., 2019).
ptairMS therefore checks the sample reproducibility after alignment to
avoid some of these unwanted variations. In all cases, attention should
be paid during the design of the study to the matching of patients and
sampling conditions between the groups of interest.

Importantly, ptairMS automatically suggests optimal values for
the parameters, such as the resolution and the peak shape (as eval-
uated on the calibration peaks), but also the location of spline knots
(at higher densities within the expiration phases) and the penaliza-
tion for the 2D regression (based on generalized cross-validation).
This enables to adapt the processing to specific instruments (e.g.
with distinct resolutions) but also to various biological matrices (e.g.
with different time profiles). As an example, ptairMS was used to
process files from both PTR-TOF 8000 and PTR-Qi-TOF instru-
ments (Ionicon Analytik). Files from other vendors (e.g. Tofwerk)
should be processed accordingly, since they are in the same open
source HDF5 format, which is a data storage format of choice with-
in the MS community (Askenazi et al., 2017). Beyond exhaled
breath, ptairMS was successfully applied to atmospheric air data

(hospital room and corridor air), headspace analysis from mycobac-
teria (see the package tutorial) and truffles (Vita et al., 2015;
Supplementary Fig. S5).

A graphical interface was developed to facilitate data analysis
and result interpretation by experimenters (e.g. clinicians). It covers
the processing of raw data up to the exploratory data analysis of the
cohort, with interactive tables and graphics. Since clinical studies
may last several months, or even years, the interface includes a dedi-
cated panel for the real-time control of instrument parameters to
avoid unwanted effects resulting from drift in temperature, pressure,
or variations in the amount of reagent ion. Incremental addition of
new patient files is also possible without the need to reprocess all of
the previous acquisitions. New features in future implementations
will include visualizations (such as the superposition of multiple
temporal profiles for several patients), and statistical testing of clin-
ical metadata for each detected VOC. Finally, a putative annotation
of the compounds and their isotopes based on the m/z values is pro-
vided to facilitate interpretation. To achieve higher confidence levels
of 2 or 1 for the most interesting VOCs, complementary experi-
ments with hyphenated techniques such as GC-MS are required
(Ibrahim et al., 2019; Nardi-Agmon et al., 2016; Wilde et al., 2019).

Recently, ptairMS was successfully applied to intubated, mech-
anically ventilated patients, and enabled to discover a biomarker sig-
nature of four VOCs for the diagnosis of coronavirus disease-19
infection (Grassin-Delyle et al., 2021). In addition, it is routinely
used for clinical trials in centers performing exhaled breath research,
not only for online patient analysis, but also for the off-line analysis
of breath collected in sampling bags, allowing the analysis of sam-
ples from multisite patients.

Altogether, these results demonstrate the value of the ptairMS
software as a key resource in breathomics for real-time analysis at
the point of care and in biomarker discovery studies, with a high
clinical potential for the phenotyping of health and disease, thera-
peutic drug monitoring, toxicological studies and precision medicine
(Fernández del R�ıo et al., 2015; Ibrahim et al., 2019; Jung et al.,
2021; Löser et al., 2020; Zhou et al., 2017).
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A B S T R A C T

Background: Early diagnosis of coronavirus disease 2019 (COVID-19) is of the utmost importance but remains
challenging. The objective of the current study was to characterize exhaled breath from mechanically
ventilated adults with COVID-19.
Methods: In this prospective observational study, we used real-time, online, proton transfer reaction time-of-
flight mass spectrometry to perform a metabolomic analysis of expired air from adults undergoing invasive
mechanical ventilation in the intensive care unit due to severe COVID-19 or non-COVID-19 acute respiratory
distress syndrome (ARDS).
Findings: Between March 25th and June 25th, 2020, we included 40 patients with ARDS, of whom 28 had
proven COVID-19. In a multivariate analysis, we identified a characteristic breathprint for COVID-19. We
could differentiate between COVID-19 and non-COVID-19 ARDS with accuracy of 93% (sensitivity: 90%, speci-
ficity: 94%, area under the receiver operating characteristic curve: 0¢94-0¢98, after cross-validation). The four
most prominent volatile compounds in COVID-19 patients were methylpent-2-enal, 2,4-octadiene 1-chloro-
heptane, and nonanal.
Interpretation: The real-time, non-invasive detection of methylpent-2-enal, 2,4-octadiene 1-chloroheptane,
and nonanal in exhaled breath may identify ARDS patients with COVID-19.
Funding: The study was funded by Agence Nationale de la Recherche (SoftwAiR, ANR-18-CE45-0017 and
RHU4 RECORDS, Programme d’Investissements d’Avenir, ANR-18-RHUS-0004), R�egion Île de France (SESAME
2016), and Fondation Foch.
© 2020 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction

As of November 21st, 2020, about 57 million of people worldwide
had been infected with severe acute respiratory syndrome coronavi-
rus 2 (SARS-CoV-2), and about 1¢4 million had died from coronavirus
disease 2019 (COVID-19) [1]. Approximately 5% of patients with

COVID-19 will develop acute respiratory distress syndrome (ARDS),
septic shock, or multiple organ dysfunction [2]. Around the world,
unprecedented research efforts are being focused on the prevention,
early detection, diagnosis and management of this lethal disease. To
date, only one antiviral drug (remdesivir) has been approved for the
treatment of patients hospitalized for COVID-19 [3]. More recently, a
large trial showed that dexamethasone at a daily dose of 6 mg for
10 days substantially reduced the risk of 28 day death (age-adjusted
rate ratio [95% confidence interval (CI)]: 0¢83 [0¢75 to 0¢93], particu-
larly in patients with severe disease requiring invasive mechanical
ventilation (rate ratio: 0¢64 [0¢51 to 0¢81]) [4]. Although the early
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immune response may not depend on the severity of the illness, the
most severely ill patients show persistent elevations of blood inflam-
matory markers (such as IL-1a, IL-1b, IL-6, IL-10, IL-18 and TNF-a) 10
or so days after SARS-CoV-2 infection, with a very high risk of subse-
quent organ injury [5�7]. Proteomic and metabolomic studies of
serum have described a COVID-19-specific molecular signature;
severe and non-severe forms of COVID-19 differ with regard to
amino acid metabolism and the expression of acute phase proteins
[8]. Breath analysis is an innovative, non-invasive, real-time point-
of-care technique for detecting volatile organic compounds (VOCs)
with potential for use in diagnosis and large-scale screening [9,10].
Thousands of VOCs have been identified in human breath following
infectious, inflammatory or pathological events [11,12]. It has been
suggested that the analysis of exhaled breath can be used to diag-
nose tuberculosis, invasive fungal infections, and bacterial coloniza-
tion of the respiratory tract [13�16], together with ARDS and
ventilator-associated pneumonia in patients in the intensive care
unit (ICU) [17�22]. Likewise, previous studies have suggested that
VOC analysis is of value in the diagnosis of viral infections in
patients with chronic obstructive pulmonary disease and of influ-
enza infections in a swine model [23,24]. The airway and lung dam-
age caused by SARS-CoV-2 [25] might conceivably result in the
release of characteristic VOCs in the exhaled breath. To test this
hypothesis, we determined the metabolomic breath signature in a
group of ARDS patients with or without COVID-19 and who required
invasive mechanical ventilation.

Methods

Study design and oversight

This prospective study was part of the observational phase of the
ongoing RECORDS trial (NCT04280497) and was conducted at the ICU
of Raymond Poincar�e Hospital (Garches, France). The RECORDS study

protocol was approved by an ethics commitee (Comite de Protection
des Personnes EST I, Dijon, France; reference 20.03.10.51415) and the
French National Agency for Healthcare Product Safety (ANSM, Paris,
France). The study was registered with the European Union Drug Regu-
lating Authorities Clinical Trials Database (EudraCT 2020-000296-21).
Whenever possible, participants or their legally authorized next of kin
provided written, informed consent before inclusion. In the remaining
cases, patients provided their deferred, written, informed consent. This
investigator-led study was publicly funded. All the authors had full and
independent access to all data and vouch for the integrity, accuracy, and
completeness of the data and analysis and for the adherence of the trial
to the protocol.

Study participants

Adult patients (aged 18 or over) in ICUs were eligible for inclusion
if they had ARDS and required invasive mechanical ventilation. ARDS
was defined as all of the following: (i) acute onset, i.e., within one
week of an apparent clinical insult, followed by progression of the
respiratory syndrome, (ii) bilateral opacities on chest imaging not
explained by another lung disease (e.g., pleural effusion, atelectasis,
nodules etc.), (iii) no evidence of heart failure or volume overload,
and (iv) PaO2/FiO2 � 300 mm Hg, and positive end expiratory pressure
(PEEP) � 5 cm H2O [26]. The main exclusion criteria were pregnancy, an
expectation of death within 48 h, and the withholding or withdrawal of
treatment.

Study measurements and procedures

Variables recorded at baseline were patient demographics and
anthropometrics, the source of infection, and the severity of illness
(according to the Simplified Acute Physiology Score (SAPS) II and the
Sequential Organ Failure Assessment (SOFA)) [27,28]. The following
variables were recorded at baseline and daily during the hospital
stay: core body temperature, vital signs, central hemodynamic data,
standard laboratory data, microbiological and virologic data. Samples
for routine surveillance of lower respiratory tract colonization were
obtained every 72 h until the patient had been weaned off mechanical
ventilation or had died. A nonbronchoscopic bronchoalveolar lavage
was performed with three 20 mL aliquots of sterile 0¢9% saline solu-
tion, with a view to collect at least 5�10 mL of effluent per sample.
Samples of blood and nasopharyngeal, bronchial or bronchoalveolar
lavage fluids were assayed for SARS-CoV-2 and other respiratory
viruses with a PCR test, as described by the French National Reference
Center for Respiratory Viruses (Institut Pasteur, Paris, France). We also
recorded life-supportive therapies including mechanical ventilation,
renal replacement therapy, intravenous fluids bolus and the adminis-
tration of vasopressors, and adjunct therapies including corticoste-
roids, thiamine, vitamin C, other vitamins, nutritional supplements,
blood products, anticoagulants, sedatives, stress ulcer prophylaxis, and
anti-infective drugs.

Breath analysis

Each patient’s expired air was analyzed daily in the morning
until discharge. Measurements were made with a proton-transfer-
reaction quadrupole time-of-flight mass spectrometer (Ionicon Ana-
lytik GmbH, Innsbruck, Austria) placed outside the patient room.
Samples were obtained via a heated transfer line (length: 1.6 m)
connected directly to the end of the endotracheal tube (i.e., without
disconnection from the mechanical ventilator) and with an air flow
of 50 mL/min. To eliminate the dependency on the oxygen concen-
tration in the sample matrix, recordings were performed in patients
with a fraction of inspired oxygen of 100% for at least 3 min [29].
The acquisition took 2 min. H3O+ was used as the primary ion and
the instrument settings were as follows: source voltage, 120 V; drift

Research in context

Evidence before this study
Early diagnosis of coronavirus disease 2019 (COVID-19) is of

the utmost importance but remains challenging. Around 5% of
patients with COVID-19 will develop acute respiratory distress
syndrome (ARDS), septic shock and/or multiple organ failure;
ideally, these patients should be identified as soon as possible.
Breath analysis is an innovative, non-invasive, real-time, point-
of-care technique for detecting volatile organic compounds
(VOCs) in expired breath. It has potential for use in diagnosis
and large-scale screening. However, it was not previously
known whether patients with COVID-19 have a breath “signa-
ture” (also known as a “breathprint”).

Added value of this study
Here, we show that breath analysis can discriminate

between COVID-19 ARDS and non-COVID-19 ARDS. We charac-
terized a VOC breathprint that was able to identify COVID-19
ARDS patients requiring invasive mechanical ventilation with
high sensitivity and specificity. The four most prominent vola-
tile compounds in the patients’ breath were methylpent-2-
enal, 2,4-octadiene 1-chloroheptane, and nonanal. The COVID-
19 breathprint did not depend on the severity of the ARDS or
the patient’s viral load.

Implications of all the available evidence
All the available evidence suggest that real-time, non-inva-

sive breath analysis could enable the large-scale screening and
thus earlier treatment of patients likely to develop severe forms
of COVID-19.
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tube pressure, 3¢8 mbar; drift tube temperature, 60 °C; and drift
tube voltage, 959 V. The mass spectrum was acquired up to m/
z = 392, with a time resolution of 0¢1 s.

Data and statistical analysis

Patient characteristics were expressed as the median [interquar-
tile range (IQR)] for continuous variables and the frequency (percent-
age) for categorical variables. Patients with and without COVID-19
were compared using Fisher’s exact test for categorical variables, and
a t-test or the Mann-Whitney test for normally and non-normally
distributed continuous variables (as evaluated with the d'Agostino-
Pearson test), respectively.

Mass spectrometry data were processed with the ptairMS R pack-
age (https://github.com/camilleroquencourt/ptairMS) and included
mass calibration, expiratory phase detection on the CO2 extracted ion
chromatogram, peak detection and quantification with background
subtraction, normalization, alignment, isotope identification, and
imputation of missing values. All concentration values were quoted
in ppb [30]. After aligning each individual peak, ions detected in
more than 70% of at least one group (COVID vs. non-COVID-19 ARDS)
were kept; this resulted in 81 features. Missing values (corresponding
to ions in exhaled breath that were not detected by the preprocessing
algorithm) were imputed with the ptairMS package, which returns to
the raw data and integrates the noise at the exact missing m/z. Data
were then log2-transformed and standardized. Outliers (patients with a
z-score >3 for at least five features) were deleted. In the remaining
patients, saturated ions (acetone, H3O+, H2O-H3O+, oxygen) and isotopes
were deleted to leave a final table of 65 features. For the univariate anal-
ysis, a Wilcoxon test was performed and p-values were adjusted to
control for the false discovery rate [31]. For multivariate analysis, data
were analyzed first with principal component analysis and then with
machine learning algorithms with different mathematical backgrounds
(orthogonal partial least-squares discriminant analysis (OPLS-DA), linear
support vector machine (SVM), elastic net, and random forest (RF); sum-
marized in Table S1) with the R packages ropls, e1071, and caret
[32�35]. A 10-fold, stratified cross-validation was repeated four times
(in order to avoid overfitting the small number of data points), and fea-
tures were selected with the elastic net and RF approaches. The models’
parameters were tuned to optimize the accuracy of cross-validation.
Features were ranked according to the specific metrics of eachmodeling
method (p-values from the Wilcoxon test, absolute loading values from
PCA, the variable importance in projection fromOPLS-DA, the coefficient
values from the elastic net and SVMmodels, and the feature importance
from the RFmodel). An aggregated rankingwas then computed bymax-
imizing the sum of the Spearman correlation with each of the metric
rankings (RankAggreg R package) [36]. The correlations between the
metric rankings and the aggregated rank are shown in Fig. S3. To limit
the risk of overfitting, we aggregated several metrics from statistical
models with different mathematical backgrounds. The effects of tidal
volume, serum C-reactive protein (CRP) level, body temperature, and
the number of days spent in the ICU were investigated in a correlation
test with the three first components of the PCA (using a Pearson’s test
for continuous variables and a chi-squared test for categorical variables)
to detect putative factors with a strong impact on the VOC concentra-
tions which may interfere with the prediction of the COVID-19 status
(Fig. S1). For the positive end-expiratory pressure (PEEP) and respiratory
rate (the median levels of which differed for each COVID-19 status), we
performed a Pearson correlation test within each group (as described in
the Supplementary Material and Fig. S2). No significant correlations
were detected by any of these tests.

A longitudinal univariate analysis of the most important features
was performed with a mixed effects model. The fixed effect repre-
sents the change in the VOC concentration as a function of the period
of mechanical ventilation, with only one measurement per patient
per day. We chose a spline function (sum of four b-spline functions

basis of degree three uniformly distributed over time) for the fixed
effect and an intercept per patient for the random effect. Intergroup
differences in trends and means were assessed with an F-test (p-
value <0¢05) adjusted for the false discovery rate. The test compares
the residuals of models with and without COVID status as a predictor.
Correlations between VOC concentrations, the SAPS II, the SOFA
score, and the viral load were analyzed using Pearson’s correlation
test, after adjustment for the false discovery rate.

Role of the funding source

The funding source had no role in study design; in the collection,
analysis, and interpretation of data; in the writing of the report;
and in the decision to submit the paper for publication. The corre-
sponding author confirms that he had full access to all the data in
the study and had final responsibility for the decision to submit for
publication.

Results

Patients

Between March 25th and June 25th, 2020, 40 patients (of whom
28 had confirmed COVID-19-related ARDS) were included in the
study and a total of 303 measurements were made. Compared with
the patients with non-COVID-19 ARDS, the patients with COVID-19
ARDS had (i) a higher respiratory rate, FiO2, PEEP and CRP on admis-
sion, (ii) a higher incidence of treatment with hydroxychloroquine
and a lower incidence of treatment with fludrocortisone after
admission, and (iii) a greater likelihood of renal replacement ther-
apy (Table 1).

Metabolomic analysis of exhaled breath

We first used an untargeted metabolomic strategy to discover the
signature associated with COVID-19 ARDS. To this end, we used the
first breath sample collected after admission. Twelve of the 40 partic-
ipants had been hospitalized for more than 10 days at the start of the
sampling period and so were excluded from this first part of the
study. Hence, we analyzed 18 patients with COVID-19 ARDS and 10
with non-COVID-19 ARDS. The study groups’ demographic character-
istics are summarized in Table S2. A principal component analysis
and an orthogonal partial least-squares discriminant analysis showed
that COVID-19 was associated with a specific signature in the expired
air, i.e., the breathprint could discriminate between COVID-19 ARDS
and non-COVID-19 ARDS cases (Fig. 1). The use of three machine
learning algorithms yielded an accuracy of 93% for all three classifiers,
based on the selection of 19, 16 or 65 features for the elastic net, ran-
dom forest, and support vector machine algorithms, respectively (in
a 10-fold stratified cross-validation, repeated four times). The corre-
sponding receiver operating characteristic curves are shown in
Fig. 2a. AWilcoxon test with p-value correction for the false discovery
rate highlighted VOCs that significantly distinguished between the
two groups (p<0¢05). We checked that none of the other external
covariates impacted the VOC concentrations and interfered with the
model’s predictions (see the Supplementary Material). To determine
which VOCs were most discriminant for COVID-19 ARDS, we per-
formed a rank aggregation based on the various metrics from the pre-
viously mentioned models and the hypothesis tests. The four most
relevant features in the rank aggregation were at m/z 99¢08, 111¢12,
135¢09, and 143¢15 (Fig. 3a). Using these four features only, the elas-
tic net, random forest, and support vector machine algorithms
yielded an accuracy of between 89% and 93% (Fig. 2b). We therefore
investigated the expression of these VOCs in the whole study popula-
tion throughout the period of mechanical ventilation (Fig. 3b). We
observed that the VOC concentrations (i) were significantly higher in
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the breath of patients with COVID-19 ARDS than in the breath of
patients with non-COVID-19 ARDS, and (ii) tended to decrease over
the first 10 days of hospitalization. The putative annotations for the
four compounds at m/z 99¢08, 111¢12, 135¢09, and 143¢15 were
respectively methylpent-2-enal, 2,4-octadiene 1-chloroheptane, and
nonanal.

Correlation with viral load and severity scores

The viral load in bronchoalveolar fluid was measured for 18
patients. The median [IQR] value in the first sample was 7¢2 [6¢2�8¢4]
log eq. copies/mL. The VOC concentrations in the first sample were not
significantly correlated with the bronchoalveolar fluid viral load or

Table 1
Patient characteristics and treatments

COVID-19 ARDS Non-COVID-19 ARDS p value

Number of patients (n) 28 12 -
Males/females (n) 20/8 6/6 0¢28
Age (years) 61 [55-72] 72 [54-79] 0¢75
Body weight (kg) 80¢0 [66¢6-87¢6] 86¢5 [65¢3-94¢1] 0¢71
Height (cm) 170 [164-175] 173 [169-175] 0¢55
Body mass index (kg/m2) 26¢3 [23¢7-32¢4] 28¢9 [23¢0-30¢9] 0¢79
SAPS II score in the first 24 hours 62 [49-68] 46 [40-57] 0¢051
SOFA score in the first 24 hours 11 [7-12] 8 [5-12] 0¢37
Comorbidities: (n (%))
high blood pressure 11 (39) 6 (50) 0¢73
chronic obstructive pulmonary disease 2 (7) 1 (8) >0¢99
ischemic cardiac disease 5 (18) 3 (25) 0¢68
cancer 2 (7) 3 (25) 0¢15

Treatments before admission: (n (%))
glucocorticoids 1 (4) 3 (25) 0¢073
conversion enzyme inhibitors 5 (18) 1 (8) 0¢54
angiotensin antagonists 2 (7) 2 (16) 0¢57

Interventions after admission: (n (%))
catecholamines 17 (61) 4 (33) 0¢17
renal replacement therapy 9 (32) 0 (0) 0¢038

Treatments after admission: (n (%))
hydroxychloroquine 27 (96) 1 (8) <0¢0001
remdesivir 2 (7) 0 (0) >0¢99
lopinavir/ritonavir 7 (25) 0 (0) 0¢081
glucocorticoids 11 (39) 6 (50) 0¢73
fludrocortisone 1 (4) 4 (33) 0¢022
eculizumab 12 (43) 4 (33) 0¢73

Body temperature at first sample (°C) 37¢4 [36¢5-38¢3] 37¢3 [36¢8-37¢8] 0¢84
Respiratory rate at first sample (breaths per min) 26 [25-28] 20 [18-23] <0¢0001
Tidal volume at first sample (mL) 420 [400-475] 438 [400-490] 0¢99
Fraction of inspired oxygen at first sample (%) 80 [50-100] 48 [31-68] 0¢007
Positive end-expiratory pressure at first sample (cm H2O) 10 [8-13] 5¢5 [5-8] 0¢0002
Serum creatinine at first sample (mM) 74 [56-137] 67 [44-86] 0¢30
Serum C-reactive protein at first sample (mg/L) 195 [175-268] 76 [23-119] 0¢002

Continuous data are presented as the median [IQR].

Fig. 1. Multivariate analysis. Principal component analysis (left) and orthogonal partial least squares - discriminant analysis (right) of the breath signature in intubated, mechani-
cally ventilated ICU patients with a positive (red) or negative (blue) PCR test for SARS-CoV-2.
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with the severity of illness (i.e., the SAPS II and SOFA score) [27,28]
measured during the first 24 h in the ICU (Table 2, |r|< 0¢4).

Discussion

This study provided proof of concept for the measurement of
VOCs and the determination of a specific VOC breathprint in the
exhaled breath from patients with COVID-19-related ARDS requiring

invasive mechanical ventilation in the ICU. This breathprint was inde-
pendent of the severity of illness and the viral load. Four VOCs (meth-
ylpent-2-enal, 2,4-octadiene 1-chloroheptane, and nonanal) may
discriminate between COVID-19 and non-COVID-19 ARDS.

We applied a highly sensitive, rapid, non-invasive, real-time
mass spectrometry breath analysis [37,38]. This contrasts with
offline technologies, which require a sampling step and remote,
time-consuming analytical steps [21,22]. Implementation of a non-

Fig. 2. Receiver operating characteristic curves for models classifying patients with COVID-19 vs. non-COVID-19 ARDS. a. Complete model. The use of three machine learning algo-
rithms (elastic net, support vector machine (SVM), and random forest (RF)) yielded an accuracy of up to 93%, with a 10-fold cross validation repeated four times and based on the
selection of 19 features (elastic net), 16 features (random forest) or all 65 features (support vector machine) from the full dataset. After internal cross-validation, the sensitivity was
90% and the specificity was 94%. b. Model with the four most important features only. After internal cross-validation, the sensitivity ranged from 90% to 98% and the specificity
ranged from 88% to 94%.

Fig. 3. Longitudinal analysis of VOCs in expired breath. The four features (m/z 99¢08, 111¢12, 135¢09, and 143¢15) contributing the most to the models were assessed in the first
sample available for each patient (a) and over time (b) during the ICU stay for intubated, mechanically ventilated patients with COVID-19 ARDS (in red, n = 28) or non-COVID-19
ARDS (in blue, n = 12). All the points for a given patient are connected, and the bold lines correspond to the fixed effect of the mixed model for each group. p-values come from aWil-
coxon test (a) and an F-test (b).
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targeted strategy (as described here) is mandatory for the discovery
of novel biomarkers. The subsequent diagnostic validation and clini-
cal implementation can be based on less cumbersome technologies,
such as mass spectrometers dedicated to targeted analyses or porta-
ble “electronic noses” with a set of sensors that are relatively selec-
tive for different families of VOCs (as previously used in patients
with ARDS) [20].

The first (cross-sectional) part of the present study enabled us to
identify a specific signature. We then performed a longitudinal analy-
sis of expired air in ARDS patients, which allowed us to confirm the
VOC signature and to track the changes over time in the VOC concen-
trations. Two of the four prominent VOCs (methylpent-2-enal and
nonanal) are aldehydes, while 2,4-octadiene is an alkadiene. These
three compounds are known to be expressed in breath [39,40], while
1-chloroheptane is probably not endogenous. Nonanal is a sub-prod-
uct of the destruction of the cell membrane as a result of oxidative
stress; reactive oxygen species may be generated by various type of
inflammatory, immune and structural cell in the airways [41]. In
studies of expired air from patients with ARDS, Schubert et al. found
abnormally low isoprene concentrations and Bos et al. reported
abnormally high concentrations of octane, acetaldehyde and 3-meth-
ylheptane [21,22]. Differences in study populations (non-COVID-19
vs. COVID-19 ARDS) and analytical methods (offline vs. online) might
explain the differences between the VOCs identified in the present
study and those identified in previous studies of ARDS [21,22].
Although there may be an association between VOCs and disease, the
underlying biochemistry has not been fully characterized.

In line with previous reports, the VOC concentrations measured
here were not correlated with the severity of illness (as judged by the
SAPS II and the SOFA score) [21]. This finding suggest that the exhaled
breath signature is a marker of COVID-19 per se, rather than of the
severity of illness. Likewise, the VOC concentrations were not corre-
lated with viral load, suggesting that this signature may be a marker
of the disease related to SARS-CoV-2 rather than of virus carriage.

Our interpretation of the present data may have been limited by
differences between the COVID-19 and non- COVID-19 ARDS sub-
groups. Patients with COVID-19 ARDS cohort had higher respiratory
rate, FiO2, PEEP and CRP values on admission. The respiratory rate,
PEEP and CRP were not found to interfere with the VOC predictive
signature, and all the patients were sampled when breathing 100%
FiO2 (to avoid mass spectrometry interference by oxygen) [29]. Simi-
larly, patients with COVID-19 ARDS were more likely to have been
treated with hydroxychloroquine. However, this drug was adminis-
tered to the patients after their first sample had been analyzed.
Although the VOC concentrations decreased over time, the treat-
ments did not change, and there was no correspondence between
the VOCs described in the present study and the molecular masses of
the known metabolites of hydroxychloroquine. Lastly, the sample
size of this pilot study was limited and these observations will
require confirmation with an external validation cohort.

In conclusion, we determined a COVID-19-specific breath metabo-
lomic signature in patients with ARDS requiring invasive mechanical
ventilation. Knowledge of this specific breathprint might enable the
development of rapid, non-invasive, point-of-care tests for large-
scale COVID-19 screening.
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