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Chapter 1. Introduction

1.1 Volatile Organic Compounds

Volatile organic compounds (VOCs) are defined as carbon-containing molecules ex-
hibiting a high vapor pressure at room temperature. They are divided in several chem-
ical classes such as alkanes, aldehydes, alcohols, ketones, esters, amines and aromatic
hydrocarbons [1]. Thousands of different VOCs have been identified that originate
from endogenous sources such as the human body or from bacteria and from exogenous
sources like pollution, plants, food, cosmetics and fungi. Since changed concentrations
of VOCs may be related to disrupted metabolic processes in the human body, there is
a promise that they may act as noninvasive biomarkers of health and disease. Since
exhaled VOCs are originating from the pulmonary tract, or alternatively have gone
through the lungs coming from the circulating blood, they are candidate biomarkers
in the diagnosis and monitoring of various diseases, and especially lung diseases.

1.1.1 Endogenous VOCs

Endogenous VOCs can be produced by either the human body itself or both com-
mensal and pathogenic bacteria present in the human body.

Extensive research has been performed on the VOCs emitted by bacteria in
vitro [2–6]. The VOCs that are measured in these studies are emitted in the air
above the bacteria, also known as the headspace. These VOCs are then captured
and analysed by mass spectrometry (MS). Bos et al. has systematically reviewed
the in vitro studies concerning VOCs emitted by six different strains of bacteria,
i.e. Staphilococcus aureus, Streptococcus pneumoniae, Enterococcus faecalis, Pseu-
domonas aeruginosa, Klebsiella pneumoniae and Escherichia coli. They concluded
that specific VOCs that are exclusively excreted by individual bacterial strains [7],
such as excretion of methyl-thiocyanide, 1-undecene, hydrogen cyanide and 4-methyl-
quinazoline by Pseudomonas aeruginosa and methanol and pentanol by Escherichia
coli. A larger group of VOCs, including isoprene and formaldehyde and ethanol, was
emitted by all bacterial strains examined. These findings suggest that certain sets of
VOCs will allow for discrimination between specific strains whereas others may allow
for distinction between the presence or absence of a bacterial infections. Differentia-
tion between different bacterial infections in vivo has not yet been investigated.

Little is known about the endogenous production of VOCs by the human body
itself. It is hypothesized that VOCs are produced as by-products of normal cellular
processes in the body [1]. These cellular processes are altered when disease occurs,
resulting in a modified production of VOCs. Upon formation in a healthy or diseased
organ, VOCs are able to diffuse from the cell’s cytoplasm to the bloodstream due to
their high volatility [8]. When they arrive at the lungs, they will diffuse through the
walls of the blood vessels into the alveolar air, which is then exhaled. Additionally,
VOCs produced in the lungs can directly diffuse into the exhaled breath depending
on the exact location of their formation [8].

The endogenous source of only a handful of VOCs has been reported thus far. For
instance, dimethylsulfide is responsible for fetor hepaticus, also known as breath of the
dead, a late sign of liver failure [9, 10], whereas acetone is exhaled during ketoacidosis
as a result of diabetes and sepsis [11–13].
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Additionally, isoprene is produced in the human body as a by-product of the
mevalonate pathway, which produces cholesterol and vitamin K [14]. It has been
linked to exercise and activity [14, 15], where the isoprene levels positively correlate
to blood cholesterol levels [16] and are decreased during disease-related inactivity,
in for instance acute respiratory distress syndrome and cystic fibrosis (CF) [17–20].
Additionally, atorvastatin therapy decreases blood cholesterol levels and exhaled iso-
prene levels in parallel, suggesting great potential for monitoring cholesterol status
using exhaled isoprene [16]. Moreover, exhaled isoprene levels are elevated in men
and lower in younger people [21].

For many other VOCs, the endogenous sources have been hypothesized, yet not
proven. Hydrocarbons such as pentane and ethane are thought to be produced during
two processes called oxidative stress and lipid peroxidation [22]. Oxidative stress is
defined as a disturbance in the balance between the production of reactive oxygen
species (ROS) and the presence of antioxidant defenses in favor of the former [23],
resulting in the oxidation and degradation of cell membrane lipids, which is called lipid
peroxidation [24]. The hypothetical sources of aldehydes such as decanal and nonanal
are normal physiological processes including gene regulation, proliferation and signal
transduction [1, 25]. They are for instance generated by the biotransformation of
amino acids, neurotransmitters, carbohydrates and lipids, but also arise from non-
physiological damaging processes such as lipid peroxidation [25]. Examples of the
latter include 3-hydroxy-2-nonenal and malondialdehyde [26].

The evidence above demonstrates that, although some VOCs may be solely pro-
duced by either exogenous or endogenous sources, many are the result of both. For
instance, isoprene is produced in large quantities by plants and humans, whereas hy-
drocarbons and aldehydes are produced by humans, plants and pollution. Therefore,
it is important to investigate which VOCs can be of value for disease diagnosis of
exhaled breath by studying their endogenous sources.

1.1.2 Exogenous VOCs

VOCs derived from exogenous sources can be divided into two categories: originating
from nature and related to pollution [27]. Methane is the most abundantly emitted
exogenous VOC, with a global yearly emission of 8000 teragrams of carbon (tg-C/yr),
which accounts for approximately 10% of all greenhouse gases emissions [28]. The
emission of VOCs other than methane (a.k.a. non-methane VOCs; NM-VOCs) adds
up to 1273 tg-C/yr, of which 69% is emitted by natural sources, whereas the other
31% is emitted as a result of pollution [27]. The two largest natural sources of VOCs
are vegetation and oceanic production, whereas pollution-related VOCs are mainly
produced by biomass burning and transportation [29].

More than 1700 compounds produced by vegetation are known to be volatile [30].
Many of these NM-VOCs protect plants from stress and aid the communication be-
tween plants and with insects. They include terpenoids, green leaf volatiles, aro-
matic compounds and sulfur- and nitrogen-containing VOCs [30–33]. The terpenoid
isoprene is the most abundantly emitted NM-VOC, represented by 44% of natural
emissions, and offers protection against ozone and free radicals [34, 35]. Monoter-
penes serve the same purpose and account for 11% of the natural NM-VOC emis-
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Chapter 1. Introduction

sions [27, 35].
Of the VOCs emitted by pollution, the main source is burning of biomass, ei-

ther man-made or natural. Biomass burning releases many different VOCs of which
the composition changes at different stages of burning [36]. During the initial heat-
ing stage, with temperatures typically <100°C), aromatic hydrocarbons, ethers, light
aldehydes and acetic acid are mainly emitted, whereas at temperatures between 250
and 500°C a variety of VOCs are released, including (heavier) aldehydes, furanes and
aromatic compounds such as benzene, toluene and phenol [36]. In the final smolder-
ing phase, the emission of VOCs is low and mainly includes CO2 [36]. The other
sources of pollution-related VOCs include industry and traffic, of which the latter
is the main source of air pollution in urbanized areas [37]. VOCs emitted by these
sources include alkanes such as heptane and hexane, aldehydes such as acetaldehyde
and formaldehyde, and aromatic hydrocarbons such as toluene and styrene [38].

1.2 Exhaled Breath

Exhaled breath consists of a mixture of nitrogen, oxygen, carbon dioxide, noble gases
[39]. In addition to this mixture of gases, VOCs are present in concentrations that
range from nmol/l to pmol/l [39, 40]. Due to its non-invasive nature and the potential
for rapid diagnosis, exhaled breath analysis has showed promise as a diagnostic tool.
Additionally, since exhaled breath collection does not require effort, it can be applied
to children, the elderly or patients with severe respiratory impairments [41].

Exhaled breath can be sampled, measured and analyzed with a variety of sampling
methods, analytical platforms and statistical techniques. With respect to the collec-
tion of exhaled breath, three methods are commonly used. The first method is called
upper airway collection and samples only the dead space air, which is approximately
one third of the air present in the lungs at any given time [42]. This method has been
used previously for nitric oxide measurements in the dead space [43]. Second, alveolar
air collection ensures that VOCs are only collected from the area where gas exchange
takes place, as the dead space simply dilutes the VOCs that are excreted into the
alveolar air [44]. For this reason, this is the preferred lung compartment to sam-
ple, especially for off-line sampling and when measuring endogenously formed VOCs.
However, sophisticated equipment is needed to exclude the dead space air. Third,
mixed air sampling collects both the alveolar and the dead space air. In contrast to
alveolar air collection, no sophisticated equipment is needed, making this method is
more simple and more suitable for large-scale sampling of exhaled breath.

Different devices are used to sample the exhaled breath. Electronic noses (eNoses)
use sensors to detect changes in the exhaled breath and are suitable for clinical use
due to their small size [45]. However, eNoses measure a broad range of VOCs in the
exhaled breath without chemical identification of VOCs of interest, and is therefore
less suitable for research purposes [46]. For that reason, mass spectrometry (MS) is
widely used to study exhaled air as this technique allows for the chemical identifi-
cation of individual VOCs that can also be combined into VOC profiles. The most
widely used technique to measure and identifiy the content of exhaled air is gas chro-
matography - mass spectrometry (GC-MS), followed by proton transfer reaction mass
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spectrometry (PTR-MS), selected-ion flow-tube - mass spectrometry (SIFT-MS) and
ion mobility spectrometry (IMS) [47, 48]. The advantages and disadvantages of the
different MS-based analytical platforms for measuring exhaled breath have been sum-
marized previously [49]. The largest general disadvantage of MS is that the machines
are large, expensive and require skilled personnel, which makes them less suitable for
clinical use than an eNose device.

Since the lungs are in direct contact with the exhaled breath, they are a suitable
candidate to examine the value of exhaled breath analysis. The research presented in
this thesis deals with the application of VOCs analysis in respiratory related disease
and for that reason, only lung diseases will be discussed below.

1.2.1 Study options

The last several decades, the focus of studying exhaled breath has been on inves-
tigating its diagnostic potential in human subjects due to its non-invasive nature.
More recently, animal studies have been included as they allow for stricter control-
ling of possible confounders such as age, gender, dietary habits and environmental
influences. Additionally in the last few years, in vitro studies have become more pop-
ular, which generally attempt to identify associations between cellular processes and
specific VOCs excreted by cells.

1.2.1.1 Human studies

The potential of exhaled breath has been investigated in a multitude of lung diseases,
with the majority of studies investigating lung cancer. Other diseases include (child-
hood) asthma, chronic obstructive pulmonary disease (COPD), tuberculosis (TB),
cystic fibrosis (CF), ventilator-associated pneumonia (VAP), and interstitial lung dis-
ease (ILD). An overview of the scientific studies on exhaled breath based on VOC
profiles using mass spectrometry in these lung diseases can be found in table 1.1. A
total of 88 studies were included, with 50% investigating lung cancer. The number of
included participants ranged from 9 to 661 per study. Thirteen studies did not include
controls as their objective was to distinguish between patients with different diseases
stages or at different time points [6, 41, 50–60]. For instance, Fowler et al. [60] col-
lected exhaled breath samples of VAP patients over time and found time-dependent
VOC patterns that may correspond to the disease prognosis. On the other hand,
Nardi-Agmon et al. [51] compared patients with stable versus progressive lung cancer
and observed significant alteration in exhaled styrene levels.

The number of reported discriminatory VOCs varied between studies from 1 to
500. However, not all studies could report the number of VOCs used to discriminate
between different groups as they used the whole range of measured VOCs rather than
a selected subset. This is for instance true for the study by Phillips et al., which
reported a model based on 500 VOCs [61].

Six percent of the studies did not report specifics on statistics or did not perform
statistics at all. Univariate statistics is the simplest form of statistics that takes into
account one variable at a time [62]. For breathomics, univariate statistics will test
whether one VOC is different between two groups of participants. Examples of uni-
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Chapter 1. Introduction

variate statistical methods are the Student’s t-test and Mann Whitney-U test [62, 63].
From the investigated studies, 48% applied univariate statistics, where generally a p-
value of less than 0.05 is considered significant. The problem with this is that each
p-value calculation has a 5% chance that it is significant by chance, implying that
when thousands of univariate tests are calculated on a dataset, there is a high like-
lihood that random events appear as significant. Multiple testing correction (MTC)
methods are used to reduce the chance that false positives or negatives are generated
in this way [64]. Consequently, applying MTC with univariate statistics is essential.
Unforunately, MTC was only applied in 20% of studies that used univariate statistics.

The remaining 46% employed multivariate statistics, ranging from linear methods
such as Partial Least Squares - Discriminant Analysis (PLS-DA) to non-linear meth-
ods like Random Forests (RF) [65, 66]. The advantage of multivariate over univariate
statistics is that it can analyze thousands of variables at the same time instead of one
by one and does not require MTC [63, 67]. The application of multivariate statistics
allows for finding and investigating the relations between thousands of VOCs present
in exhaled breath.

The final parameter mentioned in table 1.1 is study validation. This concerns
validation of the discriminatory VOCs observed in a study to investigate the their va-
lidity, repeatability and reproducibility in other studies. Different validation methods
exist and can be divided into internal and external validation. In the studies reported
in table 1.1, 52 (59%) did not report any use of validation. Internal validation was
employed in 34 studies (39%), and independent external validation was performed in
only 2 studies (2%).

The most used internal validation method was leave-one-out cross-validation
(LOOCV; 12 studies) [51, 68–78], followed by k-fold cross-validation (KFCV; 6 stud-
ies) [41, 79–83]. Unfortunately, internal validation methods like LOOCV and KFCV
do not give a realistic estimation of the predictive power of a statistical model [84]
as only a small number or percentage of samples is used to test the validity of the
predictive markers. The higher this percentage, the more reliable the estimate be-
comes [84]. Splitting of the data into a training set and a test set will provide a more
reliable prediction, but splitting the data and subsequently creating a model many
times with replacement (i.e. bootstrapping) provides the most realistic estimate of
the true predictive power of a model [84]. Splitting of the data was used in 10 studies,
including 5 studies where it was used in combination with another internal validation
method [54, 61, 76, 85–89]. Yet, bootstrapping was used in only 3 studies [60, 90, 91].

For true external validation, a dataset is needed that differs from the original
study by location or time [92]. For instance, the predictive model is created in a
study performed at one hospital, and validated in a study performed at another
hospital, but with a similar patient population [92]. External validation is the best
measure of reproducibility of a clinical study [84], yet was only incorporated in two
studies [93, 94]. In the first study, van Berkel et al. identified VOCs specific for
COPD and validated those findings successfully in a new patient population sampled
at a different location and time point [93]. The second study that incorporated
external validation identified 5 VOCs as discriminatory between lung cancer patients
and controls, and validated them in a study that sampled other lung cancer patients
and controls two years later at the same location [94].
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1.2.1.2 Animal studies

The composition of VOCs in the exhaled breath is very sensitive to different types
of exogenous and endogenous factors such as pollution, dietary habits, hormonal
changes, age, gender and BMI [136]. Controlling for all of these factors is difficult in
human studies, yet possible in animal studies. Additionally, it allows researchers to
study disease pathology and the influence of specific drugs on exhaled VOC profiles.
Furthermore, animal studies can be used to model especially rare diseases, where
acquiring a sufficient number of patients is challenging. Moreover, animal models are
suitable for investigating the onset of diseases and can provide a more detailed insight
in the underlying endogenous sources of VOCs.

Published animal experiments on exhaled breath analysis can be categorized into
two categories: proof-of-principle methodology studies and disease-related studies.
Methodological studies were performed on a variety of animal species including canines
[137], horses [138], dolphins [139, 140], whales [141] and rodents [142]. Other studies
have compared different sampling methods or examined the effect of confounders
and found that the exhaled VOC profile was affected by different diets and sampling
methods [142, 143].

Only a handful of studies were performed in animal models for lung diseases.
Neuhaus et al. [144] mimicked inflammatory asthma in mice, but found no differences
in the exhaled breath of healthy and diseased mice. Bos et al. [145] reported different
VOC patterns after LPS-induced lung injury using anesthetized rats, but did not re-
late the reported volatiles to the damage inflicted. Another study examined allergic
airway inflammation in anesthetized rodents and observed differences in the concen-
tration of 3 exhaled VOCs between the healthy and diseased animals [146]. However,
no chemical identification was performed and only 4 animals were used, indicating the
need for a larger study to to confirm the usefulness of VOC analysis in allergic airway
inflammation. Finally, Wyse et al. [147] examined airway inflammation in horses and
found decreased levels of exhaled ethane and CO2 when airway inflammation was
reduced by changing the stable bedding.

In general, two different methods are used to sample the exhaled breath of animals:
(i) intubation during anaesthesia and (ii) while awake in a nose-only or head-only
chamber. The advantage of the first method, which is used in most studies, is that
the animals do not need to be trained and do not experience stress while collecting
exhaled breath [145]. However, the downside of this approach is that the anaesthetic
and its metabolites may be exhaled and thus influence the exhaled VOC profile [148].
In the second method, a rodent is placed in a chamber where only the head or nose
sticks out and the air flows along the nose of the rodent, thereby transporting the
exhaled VOCs to a capturing system [142, 149]. As the animals are unable to move
for a period of time during sampling, they may experience stress, which in turn may
affect the composition of the exhaled VOCs [150]. To reduce the influence of stress
on the exhaled breath, they are trained before the experiments start by spending
increasing amounts of time in these chambers. The advantage of the nose-only set-up
is that VOCs that are excreted by the skin, fur, faeces and urine are not detected,
whereas it can be assumed that traces of VOCs excreted by the skin and fur will
be picked up in the head-only set-up. However, no comparison between these two
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methodological variations has been performed.
In summary, whether to anaesthetize or not can influence the VOCs present in

the sampled breath. Therefore, the appropriate method should be selected based on
the aim of the study, the disease that is studied and the influence of the various pros
and cons heron.

1.2.1.3 In vitro studies

Lately more and more studies are being published in which VOCs in the headspace air
above in vitro cells cultures are sampled to investigate their endogenous production.

Several approaches can be used to examine excreted VOCs in the in vitro
headspace and link these to endogenous cellular processes. The simplest approach
is to measure headspace VOCs in flasks with cells and without cells to identify VOCs
that are excreted during basal cellular metabolism. This was done in a variety of
human cell culture experiments [151–156]. For instance Filipiak et al. found 4 and 11
VOCs with increased and decreased levels respectively while examining the human
CALU-1 lung epithelial carcinoma cell line [151].

In addition, cells with different characteristics can be compared to identify VOCs
that could be linked to those specific characteristics [157–162]. For example, Feinberg
et al [160] sampled the headspace VOCs from 4 human lung cancer cell lines (A549,
H2030, H358 and H322), which were divided into two groups based on their glycolytic
profile. These groups could be distinguished by two VOCs of which the identity is
unknown. Furthermore, the VOC profile was examined after addition of two glycolytic
inhibitors to the cell culture, but was not influenced by these inhibitors.

Another option is to use a chemical trigger to induce a well-defined cellular re-
sponse and measure VOCs in the headspace upon exposure to establish a plausible
relationship between the excreted VOCs and the underlying pathways [163].

1.3 Omics

The detection of VOCs in breath via high-through put technologies has been named
earlier breathomics and refers to the omics technologies that use a holistic approach
to gain insight in disease etiology. Many omics fields exist, ranging from genomics,
the large-scale study of the genome, and epigenomics, the large-scale study of the
epigenome, to proteomics, the large-scale study of proteins, and metabolomics, the
large-scale study of metabolites [164, 165]. Each of these can provide insight in the
biological processes underlying disease from a different perspective. The two omics of
interest to this thesis are transcriptomics and metabolomics, which representatively
identify genes or metabolites of interest to a specific disease or chemical.

1.3.1 Transcriptomics

Transcriptomics data is generally produced by microarrays or RNA sequencing and
results in expression values for thousands of genes for a single sample [166]. This
allows researchers to identify genes of interest. However, selecting individual genes
from a list of thousands results in a large quantity of false-positive outcomes when
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using univariate statistical methods. For that reason, pathway analysis is used to
combine the expression values of the individual genes into a more robust model using
pre-existing biological knowledge [167]. Several databases exist that contain a variety
of pathways based on prior biological knowledge. These include WikiPathways [167],
Reactome [168], BioCarta [169] and KEGG [170]. Each of these databases combines
knowledge from a different perspective. WikiPathways contains for instance disease
specific pathways, whereas KEGG pathways generally represent metabolic processes
in different species. The pathways in these databases allow users to project their data
and perform statistics to determine which pathways, instead of single genes, play a
role in a disease process.

1.3.2 Metabolomics

The metabolome represents the collection of all metabolites in a cell that are pro-
duced by the overall metabolism of an organism [171]. In contrast to transcriptomics,
metabolomics provides the link between genotype and phenotype as it directly mea-
sures alterations in the cellular metabolism that result in phenotypical changes [171].
Metabolomics analysis can be done in a targeted manner, for which prior knowledge
is utilized to focus on a subset of metabolites, or in a non-targeted way, where the
whole metabolome is measured [172, 173]. The most common techniques for measur-
ing metabolomics are nuclear magnetic resonance (NMR) spectroscopy and MS [174].

1.3.3 Omics Integration

As each omics technology provides only one perspective of disease, different omics
datasets should be combined to investigate the different aspects of a disease, identify
novel relationships or gain new insights. Different statistical methods exist to integrate
omics datasets for integrated analysis [175].

� Correlation-based integration. This method uses univariate Pearson or Spear-
man correlation analysis to calculate correlations between the variables from
different omics datasets. However, some challenges occur using this approach
since gene expression responds at a different pace than metabolites, even if mea-
sured at the same time. Significant correlations therefore need to be interpreted
with caution.

� Concatenation-based integration. This can be achieved in different ways. First,
Canonical Correlation Analysis (CCA) can be used for data integration. This
method is a feature-based approach that allows for dimension reduction and
fusion of the maximally correlated subsets of each dataset, thus achieving mul-
tivariate correlation-based data fusion [176]. Second, different types of data
fusion exist that can combine different datasets based on their characteristics.
A comprehensive review of data fusion techniques can be found in [177]. Third,
a priori biological knowledge can be used to achieve concatenation of different
datasets. For instance, pathway databases are available online that contain in-
formation about genes and metabolites, which can be used to retrieve and com-
bine relevant biological knowledge from each separate dataset [167]. However,
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for breathomics, pathway-based integration is not yet possible as the biolog-
ical origin of most VOCs remains elusive and cannot be found in a pathway
database.

� Algorithm-based integration. Several methods exist to achieve this type of in-
tegration. They work in one of three ways. (i) One model is created for each
omics dataset, which are then combined at a later stage. (ii) One omics dataset
is used to predict the other and vice versa through for instance orthogonal par-
tial least squares discriminant analysis (OPLS-DA). (iii) The third multivariate
integration method is called Canonical Correlation Analysis (CCA), which is an
extension of the correlation-based integration method described above. Groups
of variables are correlated to one another instead of individual variables.

1.4 The aims of this thesis

The overall aim of the present thesis is to examine the several aspects of the use
of VOCs profiling by GC-MS in lung associated diseases. To achieve this, the thesis
encompasses 7 studies, of which each addresses one of the following aims: (i) to review
the current data pre-processing and analysis strategies for exhaled breath research,
(ii) to investigate the potential of exhaled breath for the diagnosis of selected lung
diseases, (iii) to test the validity of discriminatory VOCs using independent external
validation, (iv) to examine the use of VOCs in the in vitro headspace of cells and
bacteria and (v) to identify plausible endogenous sources of VOCs excreted in vitro.

The first aim of the thesis was accomplished in chapter 2, where the current
knowledge concerning data preprocessing and analysis was gathered to provide re-
searchers with a strategy to analyze exhaled breath data.

The second aim of this thesis was tested in chapters 3 and 4, which aimed to
investigate the value of exhaled breath analysis for the diagnosis of VAP and ILD.
The aim of chapter 3 was to investigated whether exhaled breath could be used to
diagnose patients with VAP, a nosocomial infection occurring in the intensive care
unit (ICU) [178], with an attributable mortality risk of 13% [179]. Bronchoalveolar
lavage and subsequent microbial analysis is the current diagnostic golden standard,
yet is invasive and time-consuming [180].

In chapter 4, exhaled breath analysis was used to distinguish between iodiopathic
pulmonary fibrosis (IPF) and connective tissue disease-associated interstitial lung
disease (CTD-ILD) patients. CTD-ILD is a heterogeneous group of diverse CTDs that
have caused pulmonary complications with ILD as a result [181]. IPF is characterized
by irreversible scarring of the lung tissue and has a poor prognosis and survival
rates [182] These two ILD subtypes are difficult to distinguish from one another using
the current clinical standards, therefore the aim was to identify a group of VOCs that
could aid in this differentiation between these similar, yet different diseases.

The third aim of the thesis was tested in chapter 5 using sarcoidosis as a model
disease. Sarcoidosis is a multisystem granulomatous disease with a great variety
in the clinical phenotype [183] presenting with symptoms such as extreme fatigue,
coughing, wheezing and dyspnea [184, 185]. To evaluate the third aim of this thesis,
exhaled breath samples of sarcoidosis patients and healthy controls were collected at
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two different hospitals. The data from one hospital was used to identify VOCs that
could discriminate the patients from controls, whereas the data collected at the other
hospital was used as an independent external validation of the identified VOCs.

The fourth aim of the thesis was tested in chapters 6 and 7. These studies
were carried out in vitro and aimed to assess the value of VOCs in vitro. Chapter
6 investigated whether five different bacterial strains could be discriminated using
VOCs excreted in the in vitro headspace, whereas chapter 7 used a well-understood
chemical exposure to identify VOCs that were excreted as a result of that exposure.

The fifth and final aim was tested in chapter 8, which integrated breathomics,
transcriptomics and metabolomics data collected after in vitro exposure of the BEAS-
2B lung epithelial cell line to a carcinogen. This study examined the relationships
between VOCs, metabolites and pathways to elucidate the endogenous sources of
VOCs.
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pulmonary bacterial pathogens in cystic fibrosis by volatile metabolites emitted by their in vitro
cultures: Pseudomonas aeruginosa , Staphylococcus aureus , Stenotrophomonas maltophilia
and the Burkholder. Journal of Breath Research, 10(3):037102, aug 2016.

[5] K D Nizio, K A Perrault, A N Troobnikoff, et al. <i>In vitro</i> volatile organic compound
profiling using GCGC-TOFMS to differentiate bacteria associated with lung infections: a
proof-of-concept study. Journal of Breath Research, 10(2):026008, apr 2016.

[6] A H Neerincx, B P Geurts, M F J Habets, et al. Identification of <i>Pseudomonas
aeruginosa</i> and <i>Aspergillus fumigatus</i> mono- and co-cultures based on volatile
biomarker combinations. Journal of Breath Research, 10(1):016002, jan 2016.

[7] Lieuwe D. J. Bos, Peter J. Sterk, Marcus J. Schultz, L Hofmann, and S Ulbricht. Volatile
Metabolites of Pathogens: A Systematic Review. PLoS Pathogens, 9(5):e1003311, may 2013.

[8] Marc Philippe Van Der Schee, Tamara Paff, Paul Brinkman, et al. Breathomics in lung disease.
Chest, 147(1):224–231, jan 2015.

[9] A Tangerman, M T Meuwese-Arends, and J B Jansen. Cause and composition of foetor
hepaticus. Lancet (London, England), 343(8895):483, feb 1994.

[10] M R Wills and J Savory. Biochemistry of renal failure. Annals of clinical and laboratory
science, 11(4):292–9.

[11] L Laffel. Ketone bodies: a review of physiology, pathophysiology and application of monitoring
to diabetes. Diabetes/metabolism research and reviews, 15(6):412–426, 1999.

[12] T C Vary, J H Siegel, T Nakatani, T Sato, and H Aoyama. A biochemical basis for depressed
ketogenesis in sepsis. J Trauma, 26(5):419–425, 1986.

[13] Ronny Schnabel, Rianne Fijten, Agnieszka Smolinska, et al. Analysis of volatile organic com-
pounds in exhaled breath to diagnose ventilator-associated pneumonia. Scientific Reports,
5(October):17179, jan 2015.

29



Chapter 1. Introduction

[14] J. King, P. Mochalski, K. Unterkofler, et al. Breath isoprene: Muscle dystrophy patients
support the concept of a pool of isoprene in the periphery of the human body. Biochemical
and Biophysical Research Communications, 423(3):526–530, 2012.

[15] Julian King, a Kupferthaler, K Unterkofler, et al. Isoprene and acetone concentration profiles
during exercise on an ergometer. Journal of breath research, 3(2):027006, jun 2009.

[16] T Karl, P Prazeller, D Mayr, et al. Human breath isoprene and its relation to blood cholesterol
levels: new measurements and modeling. Journal of applied physiology (Bethesda, Md. : 1985),
91(2):762–70, aug 2001.

[17] Kim DG G van de Kant, Linda JTM T M van der Sande, Quirijn Jöbsis, Onno CP P van
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Chapter 2. Data pre-processing and machine learning

2.1 Abstract

We define breathomics as the metabolomics study of exhaled air. It is a strongly
emerging metabolomics research field that mainly focuses on health-related volatile
organic compounds (VOCs). Since the amount of these compounds varies with health
status, breathomics holds great promise to deliver non-invasive diagnostic tools. Thus,
the main aim of breathomics is to find patterns of VOCs related to abnormal (for in-
stance inflammatory) metabolic processes occurring in the human body. Recently,
analytical methods for measuring VOCs in exhaled air with high resolution and
high throughput have been extensively developed. Yet, the application of machine
learning methods for fingerprinting VOC profiles in the breathomics is still in its
infancy. Therefore, in this paper, we describe the current state of the art in data pre-
processing and multivariate analysis of breathomics data. We start with the detailed
pre-processing pipelines for breathomics data obtained from gas-chromatography mass
spectrometry and an ion-mobility spectrometer coupled to multi-capillary columns.
The outcome of data pre-processing is a matrix containing the relative abundances
of a set of VOCs for a group of patients under different conditions (e.g. disease
stage, treatment). Independently of the utilized analytical method, the most impor-
tant question, ’which VOCs are discriminatory?’, remains the same. Answers can be
given by several modern machine learning techniques (multivariate statistics) and,
therefore, are the focus of this paper. We demonstrate the advantages as well the
drawbacks of such techniques. We aim to help the community to understand how to
profit from a particular method. In parallel, we hope to make the community aware
of the existing data fusion methods, as yet unresearched in breathomics.

2.2 Introduction

Searching for disease-specific markers (so-called biomarker discovery) has become a
significant area in biomedical research. The main aim of biomarker discovery is to
develop tools that indicate when a healthy state becomes dysfunctional, ideally at
the earliest possible stage of the disease progression. In the field of metabolomics,
the molecular compositions of biofluids, cells and/or tissues are investigated to find
markers indicative to abnormal status of the human body. Similarly, exhaled air is
a biological medium that carries relevant medical information. Thus, investigating
metabolites in exhaled air, referred to as breathomics, may bring valuable information
about malfunctions occurring in the human body [1, 2]. As with other types of
biological samples, exhaled air can be used to find a set of markers (breath prints)
characteristic of abnormal health status. The target compounds detectably in the
breath are volatile organic compounds (VOCs). They originate from normal and
deviant (for instance inflammatory) metabolic processes occurring in the body [3, 4].
The use of VOCs as markers of exposure or disease has dramatically increased in
the last decade because of the tremendous progress of chemical analytical platforms
and pattern-recognition techniques. With such equipment at hand, a non-invasive
biomarker breath profiling method is within reach.

A single breath sample often contains thousands of VOCs; therefore, the amount
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of data produced in breathomics is numerically large and biologically complex. More-
over, with decreasing hardware costs and increasing resolution and throughput, we are
currently observing an explosion of the data volume. Next to the endogenously formed
and metabolized compounds, exhaled air also contains exogenous compounds derived
from environmental components that are exhaled again or derived from viruses and
bacteria. This means that breathomics data contain various sources of variance, i.e.,
information of interest and unimportant variance connected to biological variation
or noise in the data. As a result, one of the major research challenges is to extract
information related to, e.g., diseases and to neglect and/or diminish the irrelevant
variance in the data.

An array of sophisticated machine learning methods can be used to find reliable
disease predictors [5–8]. In the remainder of this paper, we refer to them as multi-
variate statistical analysis. In traditional biomedical research, however, the sole use
of p-values to show the significance of the findings is widespread. The p-value is the
probability of getting the observed value of the test statistic, or a value with greater
evidence against the null hypothesis if the null hypothesis is true. Even though the
definition of the p-value seems clear, the inferential meaning of the p-value is very of-
ten misconstrued. The p-value does not carry information about the magnitude of the
differences. Therefore, a statistically significant outcome (e.g. p-value ¡0.05) does not
say anything about the clinical relevance of the outcome. A non-significant p-value
only indicates that the data are consistent with the null hypothesis. In other words,
possibly no difference exists between the groups; however, it does not mean that the
null effect is the most likely. Goodman [9] describes 12 p-value misconceptions and
explains the consequence of improper understanding of its meaning.

Similarly, Malley et al [10] discuss the restrictions of the use of p-values in biomed-
ical research. It is clearly outlined that the use of a p-value as a quality measure is
limited. The resulting p-value specifies if the null hypothesis is rejected, or it cannot
be rejected at the defined significance level. Again, this does not mean that the null
hypothesis is true. The p-value is not a probability statement of the hypothesis be-
ing true. The p-value does not give relevant information on physiological processes
and might be even completely uninformative biologically. Moreover, correcting over
several hundred tests by, e.g., Bonferroni or false discovery rate, assumes that the
separate p-values are independent and there is no relation between any two VOCs.
However, data produced in breathomics are frequently correlated as (often unknown)
cascades of metabolic pathways and biochemical reactions connect to the measured
VOCs. The significant p-value does not give the probability that by repeating the
experiment the same conclusion can be drawn. Consequently, Malley et al suggest uti-
lizing more sophisticated techniques and focusing on predicting the class (i.e. disease)
of a given sample (i.e., patient) rather than on something that is merely significant.
Obviously, this is the case with machine learning techniques.

Here, we present a comprehensive description of existing breathomics data analysis
methodology. With respect to machine learning, note that the aim of this paper is not
only to give a broad description of the available methods but also to provide clues when
to apply them. Many different methods exist and, unfortunately, there is no golden
rule in machine learning. Thus, here we give some dedicated breathomics data analysis
guidelines. The paper first briefly covers the description of two different analytical
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approaches widely used in breathomics, namely gas chromatography coupled with
mass spectrometry (GC-MS) and an ion-mobility spectrometer combined with a multi-
capillary column (MCC-IMS). Afterwards, we give a description of typical data pre-
processing pipelines for GC-MS and MCC-IMS data sets. We deal with the important,
but still sometimes neglected, aspects of scaling, normalization and transformation.
In the main part, we focus on machine learning techniques. Among the manifold
variety of methods available in the field, we select the most widely applied and most
promising ones. Such multivariate statistical techniques can be divided into two
types: explorative (also known as unsupervised or descriptive) [11, 12] and supervised
approaches [12–14]. The first approach aims to explore and discover trends and
correlations in the data without any a priori assumptions. Supervised techniques use a
priori knowledge (e.g. class information) and are mostly used to train a mathematical
model to discriminate and predict a class (disease) based on a preferably small set
of selected VOCs extracted during variable selection. In the final part, we cover the
relatively new area of data fusion.

2.3 Instrumentation

2.3.1 Gas Chromatography - Mass Spectrometry

GC-MS [15] is currently the most commonly applied analytical technique to measure
trace gases in complex mixtures such as exhaled air [16, 17]. This method includes a
GC part, which separates the different compounds in the mixture and an MS part,
which allows for compound detection and identification based on their total mass spec-
trum. The separation of compounds in the GC is based on interactions of compounds
with the mobile phase and the lining of the capillary column material. The ionization
of compounds takes place after entering the mass spectrometer. Various detectors can
be used as a mass spectrometer. The time-of-flight (tof) [18] spectrometer is the most
widely applied. In tof-MS, the time necessary to travel in an electric field from the
ionization source to a detector plate is measured. Since all ions have the same kinetic
energy (E = 1

2mv
2), ions with different mass-to-charge ratio (m/z values) are sepa-

rated in the flight tube into groups or packets based on their velocity. GC-tof-MS is
sensitive and robust. It measures all the mass fingerprints of the ionized compounds,
and it has a high level of reproducibility. [4, 15]. However, it is a time-consuming
method and on-line measurements are not possible. GC-tof-MS delivers highly accu-
rate chromatograms (called breathograms in case of exhaled air) [4, 17]. figure 2.1(a)
shows an example of such a breathogram. The x-axis represents the retention time
which is proportional to the substance’s affinity for the stationary phase while the
y-axis corresponds to the relative abundance of the VOC, derived from the total ion
current (TIC) measured in the mass spectrometer. Every 0.2 s the MS produces a
full mass spectrum.
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Figure 2.1: Examples of breathograms with both methods. (a) An example
of a breathogram measured with GC-MS. The x-axis corresponds to the retention time
which is proportional to the substance’s affinity for the stationary phase, while the
y-axis reflects the relative abundance of the VOC, derived from the total ion current
measured in the mass spectrometer. (b) An example of MCC-IMS breathograms.
The x-axis corresponds to the reduced inverse ion mobility 1/K0 (Vs cm2) and it is
proportional to the drift time (IMS), while the y-axis corresponds to the retention
time (MCC). The colors reflect the signal height: yellow for the highest signal and
white for the lowest.

2.3.2 Ion-mobility spectrometer combined with a multi-
capillary column

An ion-mobility spectrometer combined with an MCC (MCC-IMS) is a well-known
technology for detecting VOCs in air. The carrier gas drives the analytes into an
MCC, where the pre-separation takes place [19]. After passing the column containing
approximately 1000 parallel capillaries with an inner diameter of 40 µm, they reach the
ionization chamber. Here, the analytes become chemically ionized by collisions with
the reactant ions, which are carrier gas molecules previously ionized by a radioactive
ionization source (usually 63Ni). The ion shutter opens cyclically and the resulting
ions enter the drift region. Similarly to tof-MS, the ions gain energy from an external
electric field and are guided toward a Faraday plate while a so-called drift gas flows in
the opposite direction and prevents neutral molecules from entering the drift region.
During their flight, the ionized molecules collide with the neutral drift gas molecules
and are thereby separated by mass, shape and polarity. The signal recorded by the
Faraday plate is called the ion-mobility spectrum. The MCC-IMS technique has a
number of advantages in performance, cost and applicability. It has a low detection
limit and measurements are inexpensive (<5 EUR) and fast (<5 min), and it can
handle the moisture that comes with exhaled air, which makes it suitable for many
medical [19, 20] and biomedical [21] applications as well as for process analysis [22].
An example of an MCC-IMS breathogram is shown in figure 2.1(b). The y-axis
corresponds to the retention time (MCC) and the x-axis to the reduced inverse ion
mobility 1/Ko (Vs cm2) which is proportional to the drift time (IMS) [23]. The signal
height corresponds to the signal strength detected by the Faraday plate in the IMS
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device.

2.4 Data pre-processing

The output of analytical techniques such as GC-MS and MCC-IMS consists of the
raw data. Proper pre-processing of the raw data is crucial for obtaining a reliable data
matrix in which the actual statistical analysis can be performed. It is obvious that
the data pre-processing is a fundamental enterprise since an unreliable data matrix
will jeopardize the results at a later stage when applying the multivariate analysis
(garbage in Gt garbage out). Moreover, proper data pre-processing greatly improves
and simplifies the data analysis. Currently, many diverse methods and packages (com-
mercially or freely available) exist for pre-processing of spectral data [24–28]. Data
pre-processing can be divided on various sub-steps, such as denoising (smoothing),
baseline correction, alignment across all samples, peak picking and combining of the
peaks from numerous samples originating from the same compound. Finally, the peak
areas matching different compounds are collected and converted into a data matrix
for statistical analysis. As an example, we will discuss how data generated by GC-
MS and IMS have to be pre-processed in order to obtain more similar data that can
subsequently be used for data analysis. Note, however, that similar pre-processing
procedures are necessary for other analytical techniques as well, such as proton trans-
fer MS (PTR-MS) and selected ion flow tube MS (SIFT-MS). A detailed description
of pre-processing workflow for PTR-MS and SIFT-MS data can be found in [29–32].
In figure 2.2, a flowchart of the pre-processing of GC-MS data is shown.

2.4.1 Data pre-processing of GC-MS data

2.4.1.1 Denoising and baseline correction

The raw GC-MS data consist of two dimensions, i.e., m/z value on the x-axis and
retention time on the y-axis. Therefore, for each measured breath sample, retention
time and corresponding mass spectra are available. Retention time can be expressed
as scan number since five scans are equal to 1 s. In the mass spectrometer for each
m/z value, the intensity of the ion is recorded. By summing up the intensities of all
peaks (i.e., m/z values) in a mass spectrum, we obtain the TIC for one scan. This TIC
represents the intensity at that scan in the chromatogram. The TIC is measured five
times per second. All TICs together form the TIC chromatogram, which corresponds
to the gas chromatogram. The gas chromatogram contains the scan number on the
x-axis and the intensity on the y-axis.

The first step of pre-processing of the raw GC-MS data usually involves denoising
and baseline correction. The main goal of denoising is to reduce the influence of ran-
dom variations, i.e., noise introduced by variations in instrumental conditions. Several
transformation functions such as wavelets and Fourier transformations can be applied
to the original data, decomposing the spectra efficiently into noise and signal [33].
Trygg et al summarized several denoising techniques [23]. It is important to mention
that transformation functions in wavelets are suitable for removing homoscedastic
noise (i.e., Gaussian noise). However, usually signals produced by GC-MS contain
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Figure 2.2: Example of a processing strategy of GC-MS data involving
denoising and baseline correction (step 1), alignment of the retention times (step 2),
pick picking (step 3), automated peak matching (based on the spectral signature; step
4) and construction of data matrix (step 5).
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heteroscedastic noise (i.e., proportional to the signal) as well. Thus, in order to re-
duce this noise, it is necessary to transform heteroscedastic noise to homoscedastic
by e.g. logarithmic transformation of the data [34]. More details about this issue can
be found elsewhere [35]. In figure 2.2 denoising of the chromatogram was performed
via wavelets (with a Daubechies wavelet and two levels of compressions) [33].

The next step of data pre-processing is baseline (often called background) cor-
rection frequently done automatically using numerous types of polynomial fitting.
Appropriate baseline removal is extremely important since poor baseline correction
may lead to destruction of the data, affecting quantification and data analysis, but
also the consecutive step, i.e., alignment. Nowadays different approaches are available,
e.g., asymmetric least squares (ALS) [36] with B-splines, B-splines with penalization
(i.e., P-splines) [37] or the use of an orthogonal basis of the background spectra [38].
In the flowchart shown in figure 2.2, the baseline correction was performed by means
of 2D baseline estimation via ALS. Here, a least-squares approach with penalties is
used to estimate the baseline. 2D ALS use B-splines, which are local basis functions,
consisting of a number of polynomial pieces of low degree connected in a special way.
Very significant parameters of the ALS approach are smoothing parameter , the order
of differences d (i.e. polynomials of different degree) and weights p. For the last two
parameters, second order of differences and p-value nearness to unity ensure good
baseline estimation. In the case of smoothing parameter α, the larger the value, the
smoother (flatter) the estimated baseline becomes.

2.4.1.2 Alignment

The GC-MS produces gas chromatograms that may contain distortions of the re-
tention time due to column ageing, changes in temperature or sometimes unknown
deviations in instrumental conditions. Fluctuations in retention times across various
measurements obscure statistical analysis and thus discovery of relevant patterns in
the data. Therefore, accurate alignment of peaks is extremely important (step 2). It
is important to point out that denoising and baseline correction are performed on the
complete gas chromatogram while alignment and peak detection are performed on
TIC. The problem of drifts in retention time of chromatographic data is thoroughly
investigated, and thus new techniques to cope with this problem are being constantly
developed.

Many methods and packages are commercially or freely available for spectral align-
ment, namely dynamic time warping (the oldest warping techniques), parametric time
warping [39], correlation optimized warping (COW) [40], dynamic time warping [41],
bidirectional best hits peak assignment [26], multiple alignment by bidirectional best
hits peak assignment and cluster extension, center-star multiple alignment by pair-
wise partitioned dynamic time warping [26], MetAlign [24, 25], MZmine [42] and
MetHR [43]. The most commonly used alignment techniques and methods are sum-
marized by Jellema [44]. In step 2 of figure 2.2, the existing peak shifts between dif-
ferent chromatograms are removed by means of COW. This method warps (linearly
stretches and compresses) one chromatogram to another by selecting input parame-
ters such as section length (i.e., number of scans in one segment) and slack size (i.e.,
the maximum degree of warping allowed in one segment) that maximize the similarity
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between the two chromatograms using dynamic programming.
The chromatograms usually are warped to a reference chromatogram. There are

several ways of selecting a reference chromatogram; for instance a median or mean
of all measured chromatograms may be used, or the chromatogram with the highest
overall correlation is chosen as the reference. At this point, the pre-processed GC-MS
data are already ready for data analysis. However, it is common to continue with data
pre-processing by performing peak picking. Commercially available software allows
automatic detection of peaks in the complex GC-MS spectra.

2.4.1.3 Peak picking and data matrix

In step 3 of figure 2.2, the peak detection is performed by finding all local maxima and
the associated peak endpoints (i.e., local minima) for each peak, and a signal-to-noise
ratio is calculated. All local maxima (i.e., peaks) with signal-to-noise ratio above
the threshold, which takes into account standard deviation of the signal, are kept as
peaks. The mass spectra are sought and combined with the areas belonging to the
peaks. The similarity index between the corresponding mass spectra is calculated to
merge similar compounds along all available samples (step 4 in figure 2.2). This step
enables one to represent each VOC as a single number in the data matrix across all
measured samples. This number corresponds to the relative amount of the compound
in the measured sample. Finally, the data matrix containing an observation in the
row and relative amount of VOCs as values in columns is obtained (step 5 in figure
2.2). The label of each column (i.e., VOC1, VOC2 etc) corresponds to a scan number.

2.4.2 Data preprocessing of MCC-IMS data

2.4.2.1 RIP detailing

Each MCC-IMS chromatogram contains a characteristic structure called the reactant
ion peak (RIP). This structure can be considered as a source of disturbance in a mea-
surement, and it appears in the shape of a broad vertical line in each chromatogram.
The signal descent on the right side of the RIP is RIP tailing. Therefore, the first step
of MCC-IMS data pre-processing consists of RIP detailing (see figure 2.3, step 1). For
that purpose, several methods have been proposed. For instance, one approach fitted
a lognormal function to the mean of all spectra and subtracted this function from
each spectrum in the chromatogram [45]. Another approach achieved RIP detailing
by subtracting the 25% quantile intensity determined for each 1/K0 value over all
spectra [46]. A technique here applied subtracts the vector of median values (median
spectrum) from each IMS spectrum in the data matrix [47]. The consecutive stage
aims to improve the comparability of IMS chromatograms by correcting baseline. This
is done by subtracting the mean intensity of the pure noise region from all measured
spectra [45].

2.4.2.2 Denoising and baseline correction

A very important part of the data pre-processing is to improve the signal-to-noise
ratio. This is done by denoising and smoothing (step 2 in figure 2.3). For MCC-IMS
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Figure 2.3: Example of a processing strategy of MCC-IMS data involving
RIP detailing (step 1) and denoising and baseline correction (step 2), peak picking
(step 3), merging the peaks (step 4) and building the data matrix (step 5).
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data, many different methods are available. In one of the first approaches (and pre-
sented here), a multiresolution analysis is performed, which includes discrete wavelet
transformations on different levels of resolution for both denoising and smoothing [45].
The original chromatogram is reconstructed using the corresponding wavelet coeffi-
cients, which can be altered using hard and soft thresholding. To smooth the data, the
coefficients corresponding to the high-frequency regions are eliminated (independently
of the coefficient amplitude). Removing the low-amplitude coefficients regardless of
frequency results in denoising. The resulting IMS chromatogram is reduced by at least
75% of the original data with negligible loss of information. A more recent approach
proposed a pipeline of filters [46]. First, the median filter is applied for denoising,
followed by a SavitzkyGolay and finally a Gaussian filter for smoothing.

2.4.2.3 Peak picking and data matrix

The last step of data pre-processing consists of peak picking. Several automated
strategies are available such as merged peak cluster localization [47], growing interval
merging [45], and wavelet-based multiscale peak detection [46], watershed transfor-
mation (WST) [46] and peak model estimation (PME) [48]. We focus on the most
widely used approaches for MCC-IMS data and give their key ideas in the following.

The merged peak cluster localization consists of two phases: (1) the clustering and
(2) the merging. In the first phase, each data point in the chromatogram is assigned
to one of two classes, either peak or non-peak, using a clustering method similar
to the traditional k-means, based on the Euclidean distance metric of the intensity
values. In the second phase, neighboring data points that belong to the same peak are
merged together. This procedure was first introduced for MCC-IMS data by Bader et
al [47]. The simplicity of the method causes a few limitations such as the distinction
of two neighboring peaks, where the signal intensity of the overlap is above the peak-
to-noise-threshold. Finally, each peak of the analyzed measurement is characterized
by the centroid point, i.e., that data point which has the smallest mean distance to
all other points in the peak region [49]. This approach is present in the commercial
software package VisualNow (B&S Analytik, Dortmund, Germany).

The WST approach for MCC-IMS peak detection mainly builds on the watershed
method [50]. The IMS chromatogram is treated as a landscape including hills and
valleys. The algorithm starts with a water level above the highest intensity followed
by a continuous lowering of the level while uncovering more and more of the local
maxima. In each step, the new uncovered data points are annotated by the label of
adjacent labeled neighbors. Those data points that remain unlabeled are identified as
a new peak and receive a new label. The highest data point among a set of new labeled
positions defines the peak coordinate. Finally, the algorithm stops if all data points
are labeled or the level drops below a defined threshold [46]. One of the software tools
implementing this approach is IPHEx developed by Bunkowski [46].

Initially the PME was designed to describe peaks with statistical mixture models
of parametric distributions, but turned out to be a new opportunity for high-quality
peak detection. The expectation maximization algorithm is used to optimize the
parameters of a mixture model from a given set of starting values. In general, all
previously described peak detection methods are suitable to provide the initial ’seeds’
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for the algorithm.
Each peak is described by a model function consisting of two shifted inverse

Gaussian distributions and an additional peak volume parameter. Finally, the set
of model functions plus a noise component describe the whole MCC-IMS measure-
ment. This approach uses continuous functions providing non-integer peak positions,
which is presumably more precise than the discrete results of the previous methods.
Kopczinski et al published an implementation of this approach [48]. It includes a
seed-finding method based on finding roots in the first derivatives of both spectra and
chromatograms [51].

Similarly to GC-MS, the final product appears as a data matrix containing obser-
vations in rows. The values in columns correspond to the relative amount of VOCs,
i.e., their intensities (step 5 in figure 2.3). The label of each column (i.e., VOC1, VOC2
etc) represents retention time. Such a general representation of the data allows one
to apply various machine learning techniques.

2.5 Normalization, scaling and transformation

2.5.1 Normalization

Normalization and scaling are usually the intermediate steps between the pre-
processing of the raw data and multivariate statistical analysis. The aim of the
normalization is to reduce the influence of unwanted systematic variations between
measured samples, e.g. coming from the way the samples were collected and analyzed.
Normalization is required when the total intensity differs between measured samples.
The goal of normalization is to present each sample in the data in an adequate and
consistent way. Therefore, normalization, or its absence, has enormous influence on
the data analysis. If the normalization has not been applied in the correct way, this
might obscure putative differences between studied cases. Normalization can be seen
as a procedure where a scaling factor is estimated and applied to each measured
sample.

Different methods are available on how the scaling factor is estimated, including
the most commonly applied technique, total area normalization, which uses the total
area of the chromatogram as a normalization factor. The application of this approach
depends on the following assumption: the total profile is directly proportional to
the total concentration of the sample. Moreover, it assumes that the total area is
constant between samples. If this is not the case, this normalization should not be
applied. Very closely related normalization is a total sum normalization which uses
the inverse of the total area. The utilization of this method takes place when there
is no straightforward way of estimating the total area, e.g. if instead of spectra,
a digitalized version is available. The above normalization procedures take a full
spectrum as the basis for calculating a normalization factor.

Additionally, several other types of normalization procedures are possible, in which
only a part of the total spectrum or even a single compound is used for normalization.
This selective normalization is for instance applied when there is an opportunity to
include internal or external standards in the analysis. At present, the use of standards
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is hardly applicable in breathomics. The use of selective normalization is also oppor-
tune when some regions of spectra are to be removed, because of their high intensity
and/or high variance. Furthermore, normalization to the largest peak in the chro-
matogram is commonly used since it is believed that it will provide comparable data
for subsequent database searches, i.e., for identifying unknown compounds. How-
ever, this normalization is highly likely to introduce major errors if machine learning
methods are applied since it introduces spurious correlation between compounds.

There are other types of normalization methods as well, for instance probabilistic
quotient normalization [52], ’histogram’ normalization [53] and group aggregating
normalization [54]. Although not yet directly used in breathomics, they are suitable
for removing undesired variations from VOC data. To date, several normalization
approaches are available and reviewed by Bylesjo et al [55].

2.5.2 Scaling and transformation

MS-based technologies detect, in exhaled air, a large array of compounds and the
relative abundance of the respective VOCs can vary by many orders of magnitude.
Additionally, usually the higher the relative amount of a compound, the larger the
variation in its measurements between samples. Therefore, in certain circumstances, it
is desirable to scale or transform the data to correct for these differences in variations
between compounds.

Numerous scaling procedures focus on different features of the data and conse-
quently each approach has advantages and disadvantages. The first scaling approach
is applying meancentering which is nothing other than subtracting the mean value
from each measured compound. The outcome causes relative amounts of the VOCs
to fluctuate around zero instead of the mean. This simple procedure corrects for the
differences between high and low abundant compounds. Meancentering is usually
used in combination with other scaling approaches. One of them is autoscaling, also
called unit variance scaling. Autoscaling scales all compounds to unite variance by us-
ing standard deviation as a scaling factor. This means that by analyzing autoscaled
data, each VOC has equal importance independently of its abundance. Since this
scaling gives equal importance to all compounds, it should not be used for noisy (i.e.,
poor signal-to-noise ratio) data. The intermediate solution is Pareto scaling where
the square root of the standard deviation is used as a scaling factor. In that way,
large changes decrease more than smaller ones. Another scaling method that uses
standard deviation is vast scaling [56]. This scaling approach uses the coefficient of
variation. Thus, the importance of compounds that vary a lot is diminished while
that of compounds with small relative standard deviation is increased. These scaling
methods use the standard deviation as the dispersion measure.

It is also possible to use the differences between the maximal and a minimal amount
of a certain compound in the measured set of samples as an indicator of data spread.
This is range scaling [58] and since only two values are used as the scaling factor, it
makes this approach sensitive to outliers. A last scaling method is level scaling, which
uses the average value of each compound as a scaling factor. Thus, the resulting scaled
data represent changes in percentage compared to the mean concentration. This
scaling method is of interest when relatively large biological changes are of interest.
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It is possible, for each scaling method described above, to use a more robust measure,
i.e., the median instead of the mean. This allows diminishing the impact of outliers
present in the data [57].

Next to scaling methods, transformation [60] of VOC data can be performed be-
fore data analysis. Transformation techniques belong to nonlinear conversion of data,
such as log transformation, BoxCox transformation [34], rank transformation [58]
and power transformation. The main aims of transformation are symmetrizing data
distribution (from a tilted distribution), stabilizing the variance and making the dis-
tribution closer to normal. As mentioned previously, transformation allows removing
the effect of heteroscedasticity in the data.

2.6 Multivariate statistical methods

Breathomics, which comprises typically metabolomics studies of exhaled air, gener-
ates huge data sets, where number of variables (compounds) exceeds the number of
samples. This implies dealing with ’fat matrices’. Moreover, collinearity between
measured variables exists. In many cases, breathomics data are, to some extent,
sparse, i.e., a compound is present only in e.g. 20%30% of the samples. In addition,
breathomics data are often non-normally distributed. These issues have to be taken
into account when applying machine learning techniques [59]. Machine learning pro-
vides a plethora of methods to explore and understand complex data and thus obtain
valuable information on biological changes. Usually the multivariate analysis starts
with data exploration and discovery. This part of the analysis is a blind and unsuper-
vised approach and thus gives an unbiased view on the data. Typically, multivariate
statistical analysis continues with supervised analysis in which a priori knowledge of
the data structure is utilized.

Some of the main characteristics of machine learning methods described are sum-
marized in figure 2.1. It contains sensitivity to common issues such as outliers, scaling
or respect of a normal distribution. The possibility to evaluate the compound’s im-
portance from the constructed models is crucial for interpretation, yet not all machine
learning can provide this information, as shown in figure 2.1. Finally, we list applica-
tions of these methods to VOC studies.

2.6.1 Unsupervised analysis

One of the most widely used explorative analysis techniques is principal component
analysis (PCA). This workhorse selects a small number of linearly uncorrelated PCs
that explain the majority of the variation in the data. The first PC is defined by the
direction of the largest possible variation in the data. Each following PC is selected
as the most varying orthogonal component [79]. PCA results in two matrices known
as scores and loadings. Scores represent new coordinates for the samples and loadings
show the way in which old compounds are linearly combined into PCs.

The outcome of PCA can be visualized using a score plot and a bi-plot. In the
score plot, each breathomics sample is represented by a single point and demonstrates
the relations (i.e., similarity) between all samples in breathomics data. Those that
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lie close to each other have similar properties (i.e., VOC’s profile), while points that
are distant have different properties. figure 2.4(a) shows an example of a score plot
of simulated breathomics data. In the bi-plot (figure 2.4(b)), information on the
relation between compounds and the difference in relative abundance between clusters
of samples is presented. Similarly to the score plot, each point corresponds to a single
sample and each line to a compound. Correlation between compounds is reflected by
the angle between compounds (i.e., between lines). Two compounds are positively
correlated if the angle is small, which implies that their relative abundance changes in
the same way. An angle close to 180° or 90° indicates an anti-correlation or absence
of correlation, respectively. figure 2.4(b) shows an example of a PCA bi-plot.

The PCA methodology is well suited to summarize high-dimensional data, but
was not developed to find the direction or pattern of variables that best separates
classes of objects. Note that the obtained PCs can often explore clusters in the PCA
score plot since homogeneous groups of objects are usually distributed along the
directions of largest variance. Nevertheless, if the class information is not associated
with these directions, the PCA does not uncover it [80]. The variance of data is
sensitive to the presence of outliers and consequently the detection of outliers is crucial
in multivariate analysis. PCA is capable of identifying only certain outliers, i.e.,
good leverage samples (lying far away from the majority of all samples). PCA is not
suitable to detect orthogonal outliers because these outliers fall within the PCA space
for the majority of the samples. To overcome this drawback robust PCA can be used
since this provides a set of robust factors which are not affected by outliers. Many
types of robust estimators have been proposed, and their description can be found
elsewhere [81].

Figure 2.4: An example of PCA: (a) score plot; the points are coded for class
membership (squares for healthy and stars for disease). Two groups of points show
distinct clusters, separated along PC1. (b) Biplot; every point corresponds to a single
breath sample and the lines to the VOCs. The levels of compounds facing in the
direction of disease cluster (i.e., numbers 1, 3, 5, 7, 9, 11, 13, 15, 16, 17, 18 and 19)
are elevated in the breath samples of this group of individuals. The compounds that
point in the opposite direction are reduced in the breath samples of disease group:
numbers 2, 4, 6, 8, 10, 12 and 14.

Closely related to PCA is the independent component analysis, which assumes that
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the obtained data are generated by mixing a number of independent sources. This
results in a set of latent variables (LVs), which are constructed to be statistically
independent. While mostly applied in the area of signal processing, it has gained
more popularity in chemistry and might also be interesting for the field of breath
analysis [80].

Another popular unsupervised method to analyze multivariate data is cluster-
ing [12]. Clustering methods are based on similarity measures (e.g. determining mul-
tivariate distances such as Euclidean, Manhattan, Mahalanobis, Minkowski distance
or correlation) of the whole breathomics data set. One often uses a method to test if
natural groupings (clusters) are present in the breathomics data. For instance, if the
clusters are compact in the breathomics data, then it may be sufficient to use only a
part of the available information in the original data by choosing a group representa-
tive. The distance measured between samples may be overestimated due to sparsity
of breathomics data. This means that rare (sparse) compounds affect the distance
between samples, making it bigger. Therefore, it is worth removing compounds that
are present only in a few samples. The method named hierarchical cluster analysis
(HCA) is, due to its simplicity, the most widely used clustering approach. It is based
on the iterative calculation of distances between the measured samples. In each step
of the iteration, it merges the two closest samples until all samples belong to the same
cluster. The calculated multivariate similarity/dissimilarity can be represented as a
tree called a dendrogram. Various ways of recalculating the distances while merg-
ing two samples exist and the most common recalculation methods are based on the
average linkage (average distance), single (minimum distance) or complete linkage
(maximum distance) [79]. The choice of the linkage method largely influences the
result of the clustering. Single linkage is prone to a phenomenon called the ’chaining
phenomenon’, wrongly merging close clusters. Even if the average linkage approach
is the most stable one, a closer look at the resulting dendrogram is indispensable to
verify the ultimate result. Clearly HCA works best when a hierarchical structure is
present. By determining the similarity cut-off, which splits the dendrogram into sep-
arate clusters, HCA can be used for classification. However, the main disadvantage of
HCA is that it does not deliver information about the compounds which are responsi-
ble for the resulting clustering. To overcome this drawback, coclustering (also known
as bi-clustering) has been developed. This method simultaneously clusters data in its
rows and columns (samples and compounds) [82, 83].

Next to HCA, k-means clustering (a partition method) is another approach com-
monly applied. It makes use of a completely different way of defining clusters in the
data. The k-means clustering selects a set of centroids (representing clusters) in such
a way that the overall distance of all samples to the centroids is minimized. Note
that a number of centroids have to be selected by the user. In the second step, each
sample point is assigned to the closest centroid. In step 3, the new centroids are
defined as being the average value of all samples assigned to a given cluster. Next,
steps 2 and 3 are repeated until convergence (i.e., no more changes in cluster content)
or maximal number of iterations is reached [79]. The random centroids can lead to
local maxima and thereby produce non-deterministic results. Therefore, to find the
optimal set of centroids and thus the optimal solution, the algorithm is repeated with
different starting points.
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Unlike HCA, one solution is obtained with a predefined number of clusters. If
the algorithm is repeated for the same data set but with another number of defined
clusters, there might be little or no relation between the two products. An adaption of
k-means is fuzzy c-means [84] which, instead of assigning each sample to one cluster,
gives the probability of belonging to each cluster.

A drawback of clustering methods is the vulnerability to outliers and that they
are not suitable for very large and complex datasets. More sophisticated approaches,
like distribution-based (e.g. Gaussian mixture models [79]) or graph-based cluster-
ing methods (spectral or transitivity clustering [85, 86]), are often more suitable for
large and more complex data sets. Nevertheless, most of them require more in-depth
knowledge of the principles of the methodologies and the structure of the data, to be
able to choose the right approach and correctly set the parameters.

Finally, all clustering results should be assessed by internal or external evaluation
criteria. Internal criteria like the Silhouette value are dependent on the underlying
data themselves and favor clustering with high inner cluster similarity and high dis-
tance between them. However, if group information is available, it can be used to
estimate the similarity of the clustering to the real grouping, also called external
criteria (e.g. F-measure, Rand measure).

Unsupervised methods have found several applications in breathomics studies [60,
68, 87–89]. In most of the studies, PCA (and similar factor analysis methods) is used
for exploring and reducing multidimensional data. Clearly, PCA is a perfect choice
for such purposes. However, it is known that the outcome of PCA depends on the
applied scaling and the eventual presence of outliers; these issues are barely mentioned
in most breathomics studies.

2.6.2 Supervised analysis

As said previously, supervised methods use a priori knowledge about the obtained
data and can be supplied as e.g. patient labels, treatment groups or subjects exposed
to certain compounds. These methods use this knowledge to learn rules and patterns
related to the classes in the data, which are then utilized to predict the classes within
newly obtained data sets. The main aim of all supervised techniques is to find the
relation between a matrix of predictors (VOCs) and vector (or matrix) of responses
(e.g. class membership). An extremely relevant part of supervised methods is the
validation of the predicting algorithms, which can be either cross-validation (CV)
within the existing dataset or ideally within a newly independently sampled dataset.
When a supervised model is built on a dataset containing more compounds than
samples, it is easy to obtain a perfect fit of data resulting in a high prediction of
classes. However, this may be an optimistic impression of the original dataset and
can be the result of overfitting. To avoid this phenomenon of overfitting, thorough
validation of the supervised model is mandatory. This implies that the supervised
method is first applied to a training set and then validated by means of a test set.
This aspect will be discussed later in section 6.

A wide range of supervised methods for linear and nonlinear problems is available.
Here, we focus on the most popular ones.
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2.6.2.1 Linear statistical techniques

A regularly applied method in breathomics is linear discriminant analysis (LDA)
[69, 90–93]. This technique tries to find a linear function based on original com-
pounds, which can be used to separate the studied classes. Note that LDA can be
employed with numerous discriminant rules [11, 94], and can be applied to data where
more than two classes have to be discriminated. In the case of LDA, K 1 discriminant
functions (where K is a number of classes) are always calculated, which are subse-
quently used to assign group memberships. LDA is a fast and powerful technique
with no necessity of optimizing parameters. However, it has several limitations. First
of all, it assumes a normal distribution of the data. This is, however, very often not
the case in many breathomics studies. Breathomics data are usually not normally
distributed; therefore, they should be first transformed, for instance by a logarithmic
function, into normally distributed data. LDA can be only applied if the number
of samples is larger than the number of measured compounds. Typically, breath-
omics data contain more compounds than samples and consequently LDA cannot be
directly applied. Obviously to overcome this limitation, many solutions have been
proposed. The most straightforward is to apply an unsupervised method like PCA
for data reduction and then use LDA on a score matrix with the relevant number of
PCs (i.e., the ones that explained most of the significant variance). The number of
PCs included in the LDA model has to be optimized, and this can be achieved via
the procedure called leave-n-out CV (LnOCV).

The disadvantage of using PCA to reduce the data is the possibility of losing
relevant information directly related to the classes. Again to overcome this prob-
lem, recent developments of LDA have been proposed by Nrgaard et al [95]. LDA
gives the possibility to visualize not only differences between classes (by using a score
plot of the discriminant function), but also to obtain a rough idea about the com-
pounds’ contributions related to these differences. This is done by comparing which
compounds have statistically different means across the investigated classes. LDA is
especially suitable for data structures in which low multicollinearity of compounds
exists. Therefore, LDA is not the most suitable technique for breathomics data due
to their comparably high multicollinearity.

Partial least-square (PLS) is a method originally developed for quantitative analy-
sis in regression problems [96]. Soon, however, it became a very popular technique for
classification and thus was called PLS discriminant analysis (PLS-DA). This method,
similar to PCA, is an LV approach and thus it assumes that the data can be well
estimated by a low-dimensional subspace, i.e., by LVs. Since, like LDA, it is a linear
technique, new dimensions are calculated as linear combinations of the original com-
pounds. PLS-DA tries to maximize the covariance between a dummy class vector Y
and a data matrix X.

A very important advantage of PLS-DA is its ability to cope with highly collinear
data. Thus, it is a very suitable technique for breathomics data. It gives very good
results for two-class classification problems and is to be preferred above LDA. When
more than two classes have to be discriminated, an adaptation of PLS-DA (called
PLS2-DA) can be applied. However, PLS2-DA often gives inferior results compared
to multiple binary PLS-DA models (i.e., one class versus the rest). An overview of
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different statistics used to evaluate the performance of PLS-DA has been described
previously [97].

PLS-DA requires the optimization of model complexity (i.e., number of LVs used in
the model). For two-class classification problems, the most robust way is to calculate
the number of misclassifications (NMCs) (i.e., the sum of false positive and false
negative) within the CV procedure. A more detailed description of CV can be found
later in section 6. The pseudo-code for LnO CV, for data matrix X (repeated for each
n objects (i) in X), can be summarized as follows.

Beginning of LnOCV

1. n samples (i) are removed from the training data matrix X (with m samples
and p compounds, m p).

2. Scaling of the data matrix X with remaining samples (of size m n p).

3. Scaling of removed samples (i) with mean and standard deviation delivered from
the data matrix X with remaining samples.

4. Fit PLS-DA model to the scaled data matrix X with remaining samples (size m
n p).

5. Classify removed sample (i). End of LnOCV

6. Calculation of NMC by comparing predicted class vector with real class vector
Y

7. Model complexity = min(NMC)

This procedure is repeated until every sample is left out once. The model com-
plexity can be expressed as a plot where the x-axis corresponds to the number of
L- and the y-axis to NMC. The optimal model complexity is usually the first clear
minimum on the NMC.

PLS-DA also provides information about the compound relevance. Using this
method, we can distinguish the studied classes but also find which compounds are
responsible for it. The information about class separation can be visualized in the
score plot. Note that using only a PLS-DA score plot to present separation between
classes is invalid. Let us consider a random data set of size e.g. 80 individuals (40
disease and 40 healthy) and 800 VOCs. Using PLS-DA to discriminate these random
data into two groups almost always gives a PLS-DA score plot with perfect separation
between the two arbitrary classes. This implies that PLS-DA is a very powerful
technique, but it is prone to overfitting. Thus, when applying it to breathomics data,
a validation scheme has to be employed.

The PLS-DA model should be evaluated based on prediction ability on a test set
(to be discussed later). A minimum of the most relevant compounds can be obtained
from the vector of the regression coefficients (the higher the most relevant). The
importance of compounds can be shown as a bar plot of regression coefficients. In
figure 2.5(a) is an example of regression coefficients obtained from a PLS-DA model
performed on simulated breathomics data containing 80 samples and 800 compounds.
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As can be seen, several compounds have low regression coefficients (both negative and
positive), implying unimportance in the classification model. Four VOCs, 25, 355, 494
and 607, have the highest negative value of regression coefficients. Therefore, they are
the most discriminatory compounds. However, by looking at regression coefficients,
optimal threshold selection is not straightforward. Therefore, several other ways of
measuring the compound’s importance within PLS-DA have been developed.

One of them, called variable importance in projection (VIP), is a summary of the
importance for the projections to find a number of LV [98]. Compounds with VIP
superior or equal to 1 are considered significant in the PLS-DA model. The higher
the VIP score, the more important the compound. figure 2.5(b) shows the values of
VIP for the PLS-DA model shown in figure 2.5(a). Only 20 compounds have VIP
score superior to 1 (see threshold indicated as black horizontal line) and form a set of
the most relevant compounds in the PLS-DA model. Note that four VOCs have VIP
score ¿4 and that these are the compounds with the highest regression coefficients.
The remaining compounds (with VIP score inferior to 1) do not deliver any additional
information and, therefore, are considered as irrelevant. Another way of measuring
is called selectivity ratio proposed by Rajalahti et al [99], which calculates the com-
pound’s importance by using residual and variance explained for each compound.
Selectivity ratio delivers for each compound a value indicative of the discriminative
power. A high value means a high discriminatory compound while low values mean
irrelevant VOCs.

Figure 2.5: The example of compounds importance expressed as (a) re-
gression coefficient obtained from a PLS-DA model; (b) VIP score calculated for the
PLS-DA model shown in (a). The threshold indicates the most important VOCs (i.e.,
VOCs with VIP score above 1). The VOC numbers 25, 355, 494 and 607 have the
highest negative values of the regression coefficient, as well as VIP score. These four
VOCs have the highest importance in the PLS-DA model.

In breathomics, PLS-DA was successfully applied to discriminate healthy control
children and allergic asthmatic children [71], distinguish different smoking-related dis-
eases [87], detect pseudomonas aeruginosa in sputum headspace [100] and identify lung
cancer citeNatale2003. PLS-DA is an adequate technique for most breathomics data.
However, proper validation is crucial for this method. In most cases, PLS-DA models
are validated via LnOCV (where n is between 1 and 10). In this validation, the same
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samples are used to optimize the classification model and assess the general predic-
tive power of the final model. This validation produces a biased and over-optimistic
estimation of the classification error. If one uses LnOCV, this translates practically
in building multiple PLS-DA classification models. These models are not necessarily
similar: they may involve different sets of VOCs. This indicates that the ultimate
classification model is unstable with respect to the dataset. Therefore, LnOCV will
possibly produce a bad final model. The only way of providing evidence that the PLS-
DA classification model is unquestionable and robust is to use an independent test
population or bootstrapping. Note that this issue also holds for nonlinear methods
described later in the paper.

Recent development of PLS-DA, orthogonal PLS-DA (OPLS-DA) [101] is based on
dividing the overall variation in the data into response predictive (i.e., linearly related
to the class vector) and orthogonal (i.e. uncorrelated to the response). OPLS-DA
is suitable for highly collinear data, such as in breathomics. The main advantage of
OPLS-DA is the interpretation of the model since irrelevant information is filtered
out. This allows users to focus only on the first LV to interpret the results. This
is particularly interesting in the case of breathomics data containing thousands of
VOCs. The unrelated variation, filtered out by OPLS-DA, is called structure noise
and is present in the data due to differences in e.g. diet, age and gender. The
prediction power of PLS-DA and OPLS-DA is comparable. Similarly, to PLS-DA, it
is possible to apply OPLS-DA to a more than two class classification problem.

2.6.2.2 Nonlinear statistical techniques

The methods described in the previous sections are very well equipped to investigate
linear relationships between variables (e.g. compounds) and class label (e.g. disease
status). However, these approaches are less suited to investigate the nonlinear rela-
tions that may be present in complex biological systems [102]. Nonlinear relations
might originate from different metabolic backgrounds of hidden disease subgroups,
variations in disease stages or individual patient conditions or medication [103]. In
the following, we will introduce different forms of nonlinear statistical learning ap-
proaches, namely tree-based methods, neural networks and kernel-based methods.
Note that linear methods should be the starting point in multivariate statistical anal-
ysis. Linear techniques offer several advantages, such as simple interpretation of the
outcomes, fewer parameters to optimize and fast calculation. Nonlinear techniques
are usually more powerful in terms of prediction accuracy. However, most methods
have complex interpretation of the outcomes and are computationally intensive to
calculate. Therefore, we advise to carefully inspect the data and use them only when
linear methods are not sufficient to deal with complex biological systems.

The first technique described here is k-nearest neighbor (k-NN) [104], where k
is a parameter to be determined. This non-parametric technique, similarly to the
clustering methods described previously, is based on the concept of multidimensional
distances. However, these distances between samples are used in order to take a
formal decision on the assignment of a sample to a class. To do so, the distances
are calculated between the new sample and a set of previous measurements. This
collection of known samples forms the training set. The points that are close to each
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other are similar. Therefore, in case of k = 1, one can infer that a point lying close
to a training sample belongs to the same group as the training sample. This idea can
easily be generalized by considering more than the closest training sample (k = 1)
such as the three (k = 3), five (k = 5) or seven (k = 7) closest training samples. If
k >1, the classification of samples is not so straightforward. Usually, a majority vote
is used. The main advantage of k-NN is its ability to construct a very efficient model
describing complex nonlinear boundaries between the groups. The main drawback
is that it is a computationally intensive method requiring recalculating the distances
to all samples for each new measurement. Moreover, it does not deliver information
about significant compounds. Since k-NN uses distances between all pairs of data
points for decision making, for the sparse breathomics data it may cause the same
problem as in clustering techniques.

The most straightforward nonlinear methods are based on decision trees.
An example is the classification and regression tree (CART) method proposed

by Breiman [105]. The goal of CART is to find exclusive regions in the data that
contain homogenous subsets of the data (i.e., defined classes). The outcome of the
CART is presented as a binary tree, constructed by recursively dividing the samples
from a parent node into two child nodes. Each node is described by a simple, logical
rule based on one compound. Note that, at each split, a different compound is used;
nevertheless the same compound may appear more than once in a single tree. The
splitting continues until the similarity of the samples within each node is the highest
one or nodes contain the minimum number of samples (this has to be specified by the
user). The splitting compounds intuitively serve as the most important set of features.
Nevertheless, the strong tendency of overfitting results in a large variance between
single decision trees on slightly different data sets. Therefore, the combination of
ensemble trees reduces the overall variance of the models and thereby significantly
increases the performance.

This is done in the random forest (RF) methods as proposed by Brieman [106]. RF
builds a large collection of de-correlated trees (weak classifiers) each on a randomly
selected subset of the original samples (called bootstrap aggregation (bagging)) and
on randomly selected subsets of compounds [79]. The error rate of the RF model
depends on two things: firstly the correlation between trees and secondly the strength
of the individual trees. Next to the RF method, the boosted tree algorithm can be
used. This tree-based technique iteratively appends weighted trees to the model, while
mostly focusing on the prediction of the previously misclassified samples. In general,
this approach is called boosting, while AdaBoost is the most widely used variant [79].

Note that the goal of RF and boosted trees is very similar, i.e., both build many
weak classifiers as different as possible from each other. However, RF focuses on
randomization while boosted trees focus on misclassified samples of previous models
and thus build a different model. Advanced ensemble tree approaches are based on
solid statistical theories and hence outperform other methods on many data sets in
terms of classification accuracy. In addition, they provide comprehensible importance
estimations for the single features which allow for supervised dimension reduction
and support the direct abstraction of potential biomarker patterns [47, 107, 108]. RF
is suitable to deal with both linear and nonlinear problems. It is a non-parametric
approach, so it does not assume any distribution in the data. It is capable of dealing
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with highly collinear breathomics data. In addition, the RF technique is resistance to
the different type of outliers and mislabeled samples. The main disadvantage of RF
might be large computational time when applied to breathomics data.

Among the many nonlinear techniques, the so-called kernel-based models are the
most popular ones. Here, we will discuss support vector machines (SVMs) and kernel-
PLS-DA. Kernel-based models require transformation of the data via specific func-
tions called kernels. The key idea of kernel transformation is to map the nonlinear
problem in the original data into a higher-dimensional feature space, corresponding
to a reproducing kernel Hilbert space (RKHS), in such a manner that the problem
becomes linear and thereby easily solvable.

The kernel function calculates the inner products of the original compounds in the
RKHS without the need of transforming the whole data set, which is called the ’kernel
trick’ or kernel property. For more details, we refer to [79]. By mapping the original
data of size (m p where m is the number of samples and p is the number of compounds)
into the feature space, a kernel matrix of size m m is obtained. The kernel matrix
has to be positive semi-definite and likely there are many kernel functions which fulfil
this constraint. The simplest kernel function is the dot product of the data matrix.
This is the linear kernel and thus is considered as linear approach. Next to the linear
kernel, a widely used kernel transformation is the radial basic function. This function
has one parameter to tune, i.e., the width of the Gaussian function. Note that this
function is very robust, so it is suitable for any nonlinear problem.

The first kernel-based method described here is SVM. In the optimal case, the SVM
finds a hyperplane that perfectly splits two classes while maximizing the thickness
of the margins, which correspond to the distance of the plane to the closest data
point from either class. To split overlapping classes, the margin is maximized while
penalizing the points that lie on the wrong side of the margin. In contrast to LDA,
only the points on the boundary or the wrong side of the margin support the split
and are therefore called ’support vectors’. The single SVM without the use of a
nonlinear kernel belongs to the class of linear methods and is therefore also called
’linear SVM’. SVM is suitable only for two-class classification problems. It is a very
powerful method. However, the solution can be sparse since it is built on a limited
number of samples, i.e., support vectors. Kernel-PLS-DA has comparable prediction
ability to SVM. In contrast to SVM, in the kernel-PLS-DA algorithm, the solution is
made using all available samples [103].

In general, kernel methods have a strong discrimination power, but the results are
highly dependent on the chosen kernel function. Furthermore, SVM has been proven
to be very insensitive to perturbations and outliers, especially on data sets with a large
number of samples since only a few support vector points influence the boundary.
This group of methods has been used in various publications of breath analysis and
metabolomics, due to their advantages [103, 108–110]. The disadvantage of kernel-
based methods is the loss of compound information, since after kernel transformation,
the new data set has a dimension of n n (where n is the number of samples). Thus, the
direct interpretation of discriminatory compounds in the kernel-based models is not
possible. This has been recently solved by Krooshof et al [111] by applying a procedure
based on a nonlinear bi-plot. In addition, it is possible to obtain compound ranking
by applying recursive feature elimination [112] within SVM. The ranking reflects the
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importance of the compounds in the classification problem. Interpretation of kernel-
based techniques is still a bottleneck. Although, several solutions are available, the
interpretation of highly nonlinear classification problems remains elusive.

A recent paper by Amato et al [113] pictured the growing importance of artificial
neural networks (ANNs) in medical diagnostics. The key idea of ANNs is to derive
a set of novel features (’hidden’ layer) as linear combinations of the input variables
and combine these features in a nonlinear way to model the target label. The general
structure of an ANN contains an ’input’ layer, one or more of the previously mentioned
’hidden’ layers and finally the ’output’ layer. This method is very powerful and flexible
to model nonlinear problems. However, interpretation of the effects of a compound is
challenging. The most common ’vanilla’ neural net contains only one interlayer and
is called the single-layer perceptron. Variants of this approach have been applied in
various areas of breath analysis, for instance for analyzing sensor array results [114],
MS data [77], and IMS measurements [108].

Various multivariate statistical models can be built using the same training data
set. In the literature, several papers have demonstrated integrated systems, includ-
ing several machine learning methods, for VOC-based supervised classification into
patient groups [108, 115, 116]. The main aim of applying multiple machine learning
techniques to a single dataset is to provide a comprehensive and robust description
of the data. Moreover, different techniques enable selecting various informative at-
tributes from the data. Clearly, the benefits of applying multiple techniques depend
on the underlying problem. Using a set of linear and nonlinear techniques to clas-
sify patients groups, most likely nonlinear methods deliver the highest accuracy (e.g.
SVM, kernel-PLS-DA). However, as mentioned earlier, nonlinear methods are power-
ful, but the interpretation of the findings is very often difficult. One should always
decide which aspect is preferable: interpretation or accuracy. Obviously, if the data
are expected to be nonlinear, the linear modeling can be expected to perform less
well. One may also apply several techniques and compare them to determine the
most suitable one for the given data set.

2.7 Data fusion

In the field of breathomics, it is very common to study diseased versus non-diseased
groups using various analytical platforms e.g. GC-MS, electronic nose or MCC-IMS.
However, it is not widespread to combine the outcomes of different platforms by data
concatenation or data fusion. Nowadays, data fusion has become very popular in the
field of metabolomics. Therefore, we believe that data fusion will also be of value for
the breathomics world.

Data fusion, sometimes called data concatenation, is an approach combining data
coming from different high-throughput machines (platforms). It gives the possibility
to obtain a better description of the studied problem. The idea behind fusion of
data lies in the assumption that each analytical platform has different strengths and
weaknesses with respect to the measured compounds, analytical reproducibility and
sensitivity. Thus, by joining, the outcomes of dissimilar analytical technologies may
have a positive influence on data analysis and the produced results. Moreover, a more
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robust description of the study population is gained than can be obtained by using
data from a single platform.

Fusion can be performed on (i) different analytical techniques, i.e., one sample
measured by different techniques or (ii) different biological samples, e.g., breath air
and breath condensate measured by the same analytical platform. Hall et al have
described three different strategies for data fusion [117] as illustrated in figure 2.6.

The first strategy in data fusion, referred as low-level data fusion (figure 2.6(a)),
belongs to one of the most straightforward ways of concatenating data coming from
different sources. It involves the joining of various data by putting them next to each
other. Consequently, the new data matrix contains the same number of samples as
the original sets of data and the number of compounds is the sum of the individual
compounds. When the new data matrix is analyzed no prior analysis is done, such as
a reduction of a number of compounds.

Mid-level data fusion (or feature-level, figure 2.6(b)) is another approach in which
each original data set is first treated individually for data pre-processing, scaling,
relevant compounds selection and dimension reduction via multivariate analysis, e.g.,
PCA. After this, the significant compounds or the reduced dimensions are only com-
bined and analyzed.

The last type is high-level data fusion, which combines the independently gener-
ated predictive algorithms of the classification models obtained for each data set [84].
So the classification model is first calculated for each data set separately and next the
outcome of the model is fused. It is important to decide which method for high-level
fusion will be used, and the most straightforward way of combining the outcomes
(figure 2.6(c)) is to use the rule of the majority vote [118]. In this approach, each of
the constructed models predicts a class membership for each sample. The final class
membership is obtained by the majority of the models. This methodology can be
used only when more than two classification models are built. It is also possible to
use weighted fusion, i.e., each prediction gets a weight [119]. More advanced methods
such as naive Bayes are available as well [118].

The question, ’which data fusion strategy should be used?’, is highly dependent
on the aim of the study. If prediction accuracy is the goal of the study, then high-
level data fusion is the most suitable selection. However, the model generated by
high-level data fusion is hard to interpret, and significance of compounds is often not
straightforwardly indicated. Another disadvantage of high-level fusion is the loss of
correlation patterns between measurements in the different data sources. In low-level
and mid-level data fusion, the information about relevant compounds and the relation
pattern between measurements is preserved.

A special case of data fusion is multiple kernel learning (MKL) originally pio-
neered by Lanckriet et al [120] and Bach et al [121] as an extension of a single kernel
to combine multiple kernels in SVM. The principle of MKL is to combine kernel ma-
trices into a single kernel using their parameterized linear combination. Recently this
approach was adapted by Smolinska et al to k-PLS-DA [103]. In MKL, each kernel
matrix, delivered from different analytical platforms, obtains a weight. The weight
is optimized by different regularization methods, such as the L1 or L2 norm. These
weights are next used in the linear combination of kernel matrices. The bigger the
weight, the more important the platform associated with it. The aim of data fusion
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Figure 2.6: A schematic overview of various fusion approaches: (a) low-level
data fusion; (b) mid-level data fusion and (c) high-level data fusion.

is to merge various information sources and use them to multiply the benefits of the
multivariate approach (increasing performance and possible interpretation), not to
take per se a retrospective decision as to which platform is the more relevant one.
However, within MKL, it is possible to define which platform is the most important
one. Clearly, the platform with the higher weight in the MKL procedure delivers the
most optimal information about a studied problem (e.g. difference between disease
and healthy groups).

2.8 Validation of multivariate statistical models

As was mentioned before, the validation of the outcomes of the supervised methods
is a crucial part of data analysis. Proper validation of supervised methods is crucial
to give certainty to the findings, i.e., the differences between the studied classes and
the selected classifying compounds. Therefore, it is obligatory to check the model
performance using various ways of assessing its predictive ability and many methods
have been described [97, 122, 123]. In the ideal case (i.e., with a sufficient number
of samples), the data are divided into a training set (used to train the classification
method), a validation set (used to optimize the parameters) and an independent test
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Figure 2.6: (Continued.)

set to assess the predictive power of the model. Within supervised analysis, the model
is usually constructed using a training set and then verified with a test set. In the
breathomics field, CV is the most commonly applied approach. A simple CV method
is the leaving-one-out CV (LOO CV) in which the dataset is divided into as many
folds as there are samples. In an iterative process, one sample is excluded from the
data. The training set consists of n 1 samples, where ’n’ is the total number of
samples while a test set always consists of one sample. Each sample will become
a test sample once. Therefore, there are ’n’ rounds of testing as well. The error
value is calculated at each iteration, and the final error is expressed as an average
value. LOO CV is usually used when the number of available samples per class is
low (around 20 per class). Alternatively, k-fold CV can be applied using a k of 5
or 10. This means that, in each CV fold, five or ten samples are removed from the
training set and used as a test set. It has to be emphasized here that CV is far from
being optimal to validate the prediction ability; the obtained error is too optimistic.
Thus, it is advised that, if the number of samples is not sufficient (thus, it is not
possible to divide into a training and test set), one should apply double CV (also
called nested CV) or bootstrapping [122]. Another way of assessing the prediction
ability of a classification model is to use a permutation test. It evaluates whether the
division on two defined classes is significantly better than any random division [123].
In the permutation test, real class labels are randomly permuted and a classification
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Figure 2.6: (Continued.)

model is built using these random classes. In the next step, the classification model is
calculated for the false class labels and used to predict test samples. The procedure
is repeated many times, and each time the NMC is obtained. Because the permuted
classes are formed in a random way, the assumption is that the test classes should be
wrongly predicted.

A more ideal situation for validation is when the data set is large enough to
include an external test population. To obtain an external test set (sometimes called
an independent test set), the available data are portioned into a training set and a
test set. For splitting the data e.g. the Kennard and Stone algorithm [124], Duplex
technique [125] or random selection are used. However, still the ultimate way of
assessing the prediction ability of a statistical model is to use a set of completely
new samples coming from a newly independent sampled population. This ultimate
validation should be generally applied.
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2.9 Summary

In this paper, a complete overview of the main steps involved in data pre-processing
and analysis of breathomics data are given. For the pre-processing part, the focus
is mainly on data produced by GC-MS and MCC-IMS. We have described several
ways of scaling and normalizing the breathomics data and given hints on how to
highlight the information of interest. For data analysis, we have focused on different
machine learning techniques. We described when they should be applied and what
information they can bring. The multivariate techniques described here belong to
well-established methods in the machine learning field, which are reasonably easy to
apply and potentially insightful.

We believe that biomarker discovery by means of breathomics in combination with
machine learning techniques is likely to make an increasing contribution in personal-
ized medicine.
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[96] Svante Wold, Michael Sjöström, and Lennart Eriksson. PLS-regression: A basic tool of chemo-
metrics. Chemometrics and Intelligent Laboratory Systems, 58(2):109–130, oct 2001.
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Chapter 3. Diagnosis of VAP with exhaled breath

3.1 Abstract

Ventilator-associated pneumonia (VAP) is a nosocomial infection occurring in the
intensive care unit (ICU). The diagnostic standard is based on clinical criteria and
bronchoalveolar lavage (BAL). Exhaled breath analysis is promising as a non-invasive
method for rapid diagnosis of diseases. Breath contains volatile organic compounds
(VOCs) that can differentiate diseased from healthy individuals. The aim of this
study was to determine whether analysis of VOCs in exhaled breath can be used as
a non-invasive monitoring tool for VAP.

One hundred critically ill patients with clinical suspicion of VAP underwent BAL.
Before BAL, exhaled air samples were collected and analysed by gas chromatogra-
phy time-of-flight mass spectrometry (GC-tof-MS). The clinical suspicion of VAP
was confirmed by BAL diagnostic criteria in 32 patients [VAP(+)] and rejected in
68 patients [VAP(-)]. Statistical comparison of VOC profiles between VAP(+) and
VAP(-) was performed using multivariate statistics and revealed that a subset of 12
VOCs correctly discriminated between those two patient groups with a sensitivity
and specificity of 75.8% +- 13.5% and 73.0% +- 11.8%, respectively.

These results suggest that detection of VAP in ICU patients is possible examining
exhaled breath, enabling a simple, safe and non-invasive approach that could diminish
diagnostic burden of VAP.

3.2 Introduction

Ventilator-associated pneumonia (VAP) is a common hospital-acquired infection oc-
curring in the intensive care unit (ICU) with an incidence that varies from 4 42%
depending on the applied diagnostic criteria [1]. It is a severe complication of mechan-
ical ventilation with an attributable mortality risk of approximately 13% [2]. To date,
the diagnosis is based on clinical criteria in combination with bacterial culture results.
In patients clinically suspected of having VAP, bronchoalveolar lavage (BAL) from
the site of the presumed infection and subsequently cytological and microbiological
analysis of the lavage fluid is regarded a specific diagnostic approach [3]. However,
this technique is invasive, involves risks and has its limitations in patients with severe
pulmonary disease, high respiratory support settings and coagulation abnormalities.
Additionally, analysis of BAL is laborious, time- consuming and takes up to 48 hours
before definitive results are available. Only then, the diagnosis of VAP can be con-
firmed or rejected. During this period patients empirically receive broad spectrum
antibiotics. Facing a rapid emergence and dissemination of multi-drug resistant mi-
croorganisms particularly in the ICU environment, strategies to reduce such general
and non-targeted antibiotic consumption become very important [4].

It is therefore of interest to find a new method that allows fast, reliable, non-
invasive VAP diagnosis. Using exhaled breath for disease diagnosis is a promising
technique that may be able to fulfil these criteria. Exhaled breath contains a mul-
titude of volatile organic compounds (VOCs) originating from both exogenous and
endogenous sources. Endogenous VOCs are produced by biological processes includ-
ing oxidative stress and inflammation in the human body [5, 6] as well as by invading
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microorganisms [7]. Upon their production, VOCs are excreted into the blood after
which they diffuse into the lungs where they are exhaled. Infectious diseases, such
as pneumonia, involve oxidative stress and inflammation. These processes induce al-
terations in the composition of VOCs excreted by the affected organ and thus the
exhaled breath. Additionally, microorganisms themselves may produce specific com-
pounds leading to different VOC profiles in exhaled breath. Taking into account the
invasion of harmful microorganisms in the lungs and the defence mechanisms that are
subsequently set in motion by the host, it can be expected that VOCs are present in
different concentrations and compositions in patients with VAP compared to patients
without VAP. These discriminating VOC profiles may be used to aid VAP diagnosis.

Thus far, discriminating VOC profiles have been found for various respiratory
diseases such as chronic obstructive pulmonary disease (COPD), asthma, tuberculo-
sis and cystic fibrosis [8–13]. It has already been demonstrated that Pseudomonas
aeruginosa, Staphylococcus aureus, Escherichia coli and Klebsiella pneumoniae could
be identified correctly based on the analysis of VOCs excreted into the headspace
of cultured bacteria [14]. Many of these strains frequently cause VAP. In another
study, VOCs of Streptococcus pneumoniae and Haemophilus influenzae cultures were
analysed at different time points during cultivation, leading to the identification of
strain-specific VOCs for both bacterial species [15]. A systematic review summarized
both strain-specific and commonly occurring VOCs from 31 recent in vitro studies
that investigated bacterial species [7]. A recently published study by Fowler et al.
found that, in a well-characterized group of patients with sterile brain injury, exhaled
breath analysis is an effective method to detect the presence of airway pathogens in
vivo that can induce VAP [16]. The aim of the current study is to identify VAP(-)
specific VOCs in vivo by analysis of the exhaled breath of critically ill mechanically
ventilated patients independent of their underlying disease on admission to the ICU.

3.3 Materials and Methods

3.3.1 Study Design

This study was conducted at Maastricht University Medical Centre+, a tertiary, uni-
versity hospital in the Netherlands with 1,700 ICU admissions per year. The ICU
consists of two 9- bed units for medical and surgical patients and one 9-bed unit for
cardiothoracic surgery patients. Adult critically ill, mechanically ventilated patients
with a clinical suspicion of VAP who underwent a diagnostic BAL were included.
Exclusion criteria for the BAL procedure were thrombocytopenia (≤ 40, 000/µL) and
other coagulation abnormalities. The exhaled breath study and its experimental pro-
tocols were evaluated by the joint medical ethics committee at Maastricht University
and Maastricht University Medical Centre+ (METC azM/UM). After evaluation and
approval of the experimental protocols, the METC azM/UM committee concluded
that the study did not fall under the scope of the medical research involving human
subjects act (WMO), and was therefore denoted as non-WMO research as no direct
and invasive patient intervention was required and results of the analyses did not in-
fluence the patients outcome. Experimental protocols were performed in accordance
with the approved national Dutch guidelines for non-WMO research [17].
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A patient was clinically suspected of VAP after >48 hours of mechanical ventila-
tion, fulfilling the following clinical criteria:

� Rectal temperature above 38°C or below 35.5°C

� An abnormal increase (>10,000/µl) or decrease (<3,000/µl) of leukocytes levels

� More than 10 leukocytes found in the tracheal aspirate

� Positive bacterial culture of the tracheal aspirate

In those patients, BAL was performed on the day of clinical suspicion for VAP. A
fibreoptic bronchoscope (Pentax FB-15H/FB-15X, Pentax Medicals, Tokyo, Japan)
was introduced and wedged into the affected segmental or subsegmental bronchus.
Sterile saline (0.9% sodium chloride at room temperature) was instilled in four aliquots
of 50 mL, immediately aspirated and recovered. Further analysis was highly stan-
dardized as described by de Brauwer et al. [18]. A clinically suspected episode was
considered microbiologically confirmed when the following criteria were met in BAL
fluid (BALF): presence of ≥ 2% cells containing intracellular organisms (ICO) and/
or quantitative culture results of ≥ 104cfu/mL [19, 20]. One hundred patients were
included in the study. Upon BALF analysis they were divided into two groups: (1)
BALF confirmed the clinical suspicion of VAP (VAP(+), n=32); (2) the diagnosis of
VAP was rejected by BALF analysis (VAP(-), n=68). The Sequential Organ Failure
Assessment (SOFA) score was registered at the moment of BAL to compare the seri-
ousness of illness. The diagnosis of the underlying disease on admission to the ICU of
all patients were documented and allocated into seven diagnostic groups. Differences
between VAP(+) and VAP(-) were tested for significance: two-sided paired t-test for
age and SOFA scores; chi square for diagnosis upon admission. A p-value <0.05 was
considered significant. (Table 3.1)

3.3.2 Sampling and measurement of exhaled breath

Directly before BAL was performed, exhaled breath samples from ventilated patients
were collected into a sterile Tedlar bag (5 L). The bag was tightly connected to the
expiratory limb of the Draeger Evita XL ventilator (Lbeck, Germany). Exhaled breath
from the patient could then flow into the Tedlar bag without any pollution from the
environment. When the bag was filled, its valve was closed and the connection with
the ventilator subsequently removed. The content of the bag was transported by
vacuum pump (VWR International, France) onto stainless steel two-bed desorption
tubes, filled with carbograph 1TD/Carbopack X (Markes International, Llantrisant,
Wales, UK) that trap VOCs. The VOCs in these desorption tubes were measured
by gas chromatography-time of flight-mass spectrometry (GC-tof-MS) based on the
procedure described by Van Berkel et al. [8]. This was done in a non-targeted way,
meaning that the highest amount and variety of VOCs were measured and used for
multivariate statistical analysis later on.
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Table 3.1: Characteristics of the patient groups in the study. The age and
SOFA scores were tested for significance with a two-sided paired t-test; significance
was tested for the diagnostic groups using a Chi Square test. P <0.05 was considered
significant. Age is represented as mean standard deviation.

Characteristics VAP(+) VAP(-) p-value
Sample size 32 68
Average age [years] 64 ± 12 60 ± 14.5 0.16
Male/Female 26/6 44/24 0.07
SOFA at time of BAL 6.4 ± 3.4 6.9 ± 2.9 0.41
Diagnostic group at admission 0.24

gastrointestinal 4 9
cardiovascular 9 13
hematologic 3 15
neurologic 4 6
orthopaedic/trauma 4 2
respiratory 8 20
other 0 3

Comorbidities
No comorbidity 17 (53%) 38 (56%) 0.80
One comorbidity 8 (25%) 15 (22%)
Two comorbidities 5 (16%) 12 (18%)
≥ three comorbidities 2 (6%) 3 (4%)

Distribution of comorbidities 0.23
cardiovascular 3 3
respiratory 3 5
chronic renal failure 4 7
active malignancy 2 9
immunocompromised 7 15
neurologic impairment 3 8
chronic liver failure 2 2

Severe sepsis 11 (34%) 24 (35%) 0.93
ICU mortality 12 (38%) 31 (45%) 0.45
In hospital mortality 14 (43%) 37 (54%) 0.34

3.3.3 Data processing and statistical analysis

Raw GC-tof-MS data were pre-processed to remove various sources of artefacts before
the actual statistical analysis. Pre-processing of the data reduces the influence of these
artefacts and allows for the biological variation to come through. This was done by
sequential use of the following methods: denoising, baseline correction, alignment,
normalization and scaling of the data [21]. In order to compare different groups, the
number of samples in the larger group has to be reduced to the size of the smaller
group to make the statistical analyses work efficiently. This was done by randomly
choosing a subset of 32 samples of the 68 VAP(-) samples to match the size of the
VAP(+) group and using this subset for further statistical analysis. This procedure
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was repeated 250 times to ensure that each sample was used. For this study, the
multivariate statistical analysis method Random Forest (RF) was used [22].

This machine learning method constructs a multitude of de-correlated decision
trees to classify samples into the appropriate disease state. Decision trees are predic-
tive models that try to classify samples based on a specific subset of the measured
VOCs. RF creates many decision trees (e.g. 1,000) comprising of a small and ran-
domly selected subset of VOCs and tries to predict the class outcome. The most
discriminatory subset of VOCs is then used to create the final classification model.

Validation of the RF model was done by calculating the out-of-bag error. In
this procedure 66.7% of the samples are randomly selected with replacement for each
decision tree. The remaining 33.3% are used to calculate the performance of the
RF classification model. This produces class probability values, which are used to
calculate sensitivity and specificity illustrated by Receiver Operating Characteristic
(ROC) curves. For the sensitivity and specificity parameters, the 95% confidence
interval was calculated and written in the following way: mean ± confidence interval.

An ROC curve is a graphical representation of the performance of the predictive
model established by RF. The area under the curve (AUC) is most commonly used
as an indicator of predictive performance: a value close to 1 indicates high predictive
power of the model, whereas an AUC close to 0.5 means that the model has no
predictive power [23].

For visualization purposes, principal component analysis (PCA) score plots of
the RF proximities were created. The proximities are distance parameters ranging
from 0 to 1 that visualize similarities of the selected VOC profile between individual
samples. A small proximity value indicates similarity, while a large proximity value
indicates dissimilarity between individuals. A PCA plot of proximities can therefore
demonstrate groupings of samples and trends in the data.

3.3.4 Influence of confounders

In order to rule out that the VOC profile found by RF is influenced by confounding
factors, regularized MANOVA was used [24] to test the following possible confounders:
age, gender, diagnostic group at admission, SOFA scores, ICU mortality, general
hospital mortality, the presence of comorbidities in general, and the presence of specific
comorbidities mentioned in Table 3.1.

3.3.5 Compound identification

The VOCs implemented into the classification model were identified with spectrum
recognition using the National Institute of Standard and Technology (NIST) library
in combination with spectrum interpretation by an experienced mass spectrometrist
and identification based on retention times of components.

3.3.6 Pathway identification

For each of the chemically identified VOCs the ChEBI [25], ChemSpider [26] and
PubChem IDs [27] were found in their respective databases. BridgeDb [28], which
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links IDs from several databases, was used to find additional IDs corresponding to
each VOC. This was necessary due to annotation problems in pathways, where the
same metabolite is mentioned with a differen ID or name in different pathways.

The RRDF package [29] was then used to find pathways in the Wikipathways [30]
that included that specific VOC. Additionally, because Wikipathways includes only
a limited number of metabolite pathways, the KEGG database [31] was analysed for
pathways containing the identified VOCs. This was done using the KEGG REST api.

Because VAP is mainly caused by a well-defined array of bacteria, a selection
of pathways was made that were present in the human host or in bacteria most
likely to cause VAP [32] including Staphylococcus aureus, Pseudomonas aeruginosa,
Escherichia coli, Klebsiella pneumoniae, Hemophilus influenzae.

3.4 Results

3.4.1 Clinical outcome/data

An overview of demographic and clinical data is presented in Table 3.1. Sample size
varies between the groups as a result of confirmation of VAP in only 32 of 100 indi-
viduals included in the study. There were no significant differences in the seriousness
of disease at the moment of BAL (SOFA) or in the distribution of the underlying
diagnosis on admission to the ICU. However, patients in the VAP(-) group seemed
to suffer more from a haematological diagnosis upon admission and active malignan-
cies. (Table 3.1) During the study period we found an average of 2.5 episodes of
VAP per 1,000 ventilator days. The diagnosis of VAP was based in 6 patients on
a percentage of ICO >2% alone and in 26 patients on a bacterial growth of more
than 104 cfu/mL. Staphylococcus aureus (n=5), Pseudomonas aeruginosa (n=4), Es-
cherichia coli (n=4), Klebsiella pneumoniae (n=4), Hemophilus influenzae (n=3) and
Acinetobacter baumannii (n=3) were the most frequently found microorganisms.

3.4.2 RF classification model

GC-MS measurements produced 100 chromatograms: one for each patient. After
processing, these chromatograms consisted of ¿1000 chemically different VOCs. RF
was used to filter VOCs that were discriminatory between VAP(+) and VAP(-). The
final RF classification model was based on 12 discriminatory VOCs and correctly
classified 74.2% ± 13.8% of all individuals with a sensitivity and specificity of 75.8%
± 13.5% and 73.0% ± 11.8% respectively. The corresponding ROC curve depicted
in Figure 3.1A had an AUC of 0.87. The PCA score plot of proximities between the
individual samples based on the 12 most important VOCs (Figure 3.1B) showed that
the VAP(+) and VAP(-) patients are separated with small overlap. This indicates
that patients suffering from VAP can be identified based on this combination of 12
VOCs with high accuracy.
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Figure 3.1: ROC and PCA plots visualizing the separation of the VAP(+)
and VAP(-) groups. A: Receiver operating characteristic (ROC) curve of VAP(+)
vs. VAP(-). It consists of 1-sensitivity on the x-axis and specificity on the y-axis. B:
The PCA plot is based on the proximities between samples of VAP(+) (white) and
VAP(-) (black).

3.4.3 Influence of confounders

The influence of potential confounders was tested to ensure that the discriminating
VOC profile was purely a result of the VAP diagnosis. The following confounding
factors were tested: age, gender, diagnostic group at admission, SOFA scores, ICU
mortality, general hospital mortality, the presence of comorbidities in general, and the
presence of specific comorbidities mentioned in Table 3.1 None of these confounders
significantly influenced the model (Supplementary Table 3.S1).

3.4.4 Compound identification

The 12 VOCs selected by RF were chemically classified and their chemical identity is
shown in Table 3.2. The identified VOCs include 2-methylbutane, heptane, dodecane
and tetradecane (alkanes), 3,7,7-Trimethylbicyclo [4.1.0] heptane (hydrocarbon ring
structure), ethanol and 2-propanol (alcohols), 2-propenal and tetradecanal (aldehy-
des). The remaining compounds were identified as acetone (ketone), ethylbenzene
(aromatic hydrocarbon) and tetrahydrofuran (oxygen-containing heterocyclic com-
pound).

3.4.5 Pathway identification

The Wikipathways and KEGG databases were each searched for pathways containing
one or more of the 12 discriminatory VOCs and s. Only pathways present in humans
and VAP-causing bacteria were included in the analysis. Seven KEGG pathways
remained containing two VOCs (Table 3.3): one pathway that produced 2-propenal
(Acrolein); five pathways with ethanol as an end-product and one which utilized
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Table 3.2: Identified VOCs for the comparison between VAP(+) and
VAP(-). In addition to the compound name, CAS numbers were added for iden-
tification. Up/Down in VAP(+) vs. VAP(-) was based on mean peak height.

Compound name CAS nr Mole-
cular
formula

M/z of
parent
molecule
(g mol-
1)

Average
reten-
tion
time
(min)

Up/Down
in
VAP(+)
vs
VAP(-)

Butane , 2-methyl 78-78-4 C5H12 72.10 2.28 ↑
Ethanol 64-17-5 C2H6O 46.04 2.26 ↑
Acetone 67-64-1 C3H6O 58.04 2.59 ↓
Isopropyl Alcohol 67-64-1 C3H8O 60.06 2.61 ↓
Acrolein 107-02-8 C3H4O 56.03 2.55 ↓
Furan, tetrahydro- 109-99-9 C4H8O 72.06 5.41 ↓
Heptane 142-82-5 C7H16 100.13 7.25 ↑
Ethylbenzene 100-41-4 C8H10 106.08 11.49 ↑
Carane 17530-24-4 C10H18 138.14 14.30 ↑
Dodecane 112-40-3 C12H26 170.20 17.47 ↓
Tetradecane 629-59-4 C14H30 198.23 20.46 ↑
Tetradecanal 124-25-4 C14H28O 212.37 23.18 ↑

ethanol. No human- or bacteria-specific Wikipathways were found.

3.5 Discussion

In the present study, VOC profiles were determined in exhaled breath of patients
clinically suspected of VAP to discriminate patients with VAP from other critically ill
ventilated patients. Of 100 patients, 32 were diagnosed with VAP by quantitative BAL
analysis. This ratio was in line with earlier publications [20, 33]. A discriminating
profile of 12 exhaled VOCs was identified that could determine the presence of VAP
with an accuracy of 74.2% ± 13.8% , accompanied by a sensitivity of 75.8% ± 13.5%, a
specificity of 73.0% ± 11.8% and an AUC of 0.87. The 12 VOCs that were identified
by the model were chemically diverse. There was no significant difference in the
diagnosis at admission or in the frequency and distribution of comorbidities between
the VAP(+) and VAP(-) group of patients. However, a haematological diagnosis at
admission and active malignancy as comorbidity were more prevalent among VAP(-)
patients. Several potential confounders, including haematological diagnosis and active
malignancies, were tested and proven not to be significantly associated with the VOC
profile. The predominance of male patients in the demographics of the present study
might reflect known gender differences in the incidence of sepsis and VAP [34, 35].

These results demonstrate the potential of exhaled breath as a diagnostic tool in
the ICU, where less invasive and faster detection methods are of great importance.
Although the results are encouraging, the external validation in a large, multicentre
cohort is necessary for clinical application. The advantage of exhaled breath over BAL
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analysis - the current gold standard for diagnosis of VAP - is that it is easy to perform,
non-invasive and can be analysed within a short time span. In contrast to BAL, where
the time to diagnosis is at least 48h, exhaled breath sampling could take as little as
one hour to get a diagnosis. To achieve this, exhaled breath, upon sampling after
clinical suspicion of VAP, should be immediately transferred to a laboratory where it
has to be processed by a mass spectrometer right away and subsequently checked for
markers of VAP using a predesigned and validated algorithm. Eventually, such a fast
diagnostic tool could support tailored antibiotic treatment, thereby aiding antibiotic
resistance [4]. Additionally, it could reduce hospital costs and medication use [36].

Thus far, most of the research done on exhaled breath in diagnosis of VAP was
done with the e-nose technology. One study tested the use of e-nose technology as
a substitute for chest computed tomography scan as a diagnostic tool for diagnosing
VAP [37]. Although a prediction value of 80% was discovered, these results are difficult
to interpret correctly due to the lack of independent validation.

A more recent study by the same authors evaluated the use of the e-nose as a
substitute for the Clinical Pulmonary Infection Score (CPIS) [38]. The CPIS is a
measure of pulmonary infection that is used to diagnose VAP with an arbitrary cut-
off of 6 for the diagnosis [>6 = VAP(+), <6 = VAP(-)]. However, since the CPIS is
considered to be not reliable enough to diagnose VAP in the clinical setting [39], it
is unclear whether the included patients were accurately diagnosed with VAP, which
consequently skews their findings.

Bos et al. also performed a prospective cohort study on diagnosing VAP with the
e-nose [40]. They collected tracheal aspirates (TAs), and successively analysed the
headspace of a bacterial culture medium of these TAs. They found an AUC of 0.85
in their cross-sectional study, which is comparable to our observed AUC of 0.87. All
of these studies utilize the e-nose technology which has some limitations including
reproducibility, negative effects of temperature and humidity, and the inability to
identify the chemical identity of VOCs underlying the disease [41]. Knowing the
identity of a VOC enables us to look at the underlying biological mechanisms of the
disease.

Acute respiratory distress syndrome (ARDS) describes a condition of severe lung
failure that can be caused by various non-infectious and infectious diseases includ-
ing VAP. Moreover, mechanical ventilation in patients with ARDS can also facilitate
the development of VAP. Exhaled breath as a diagnostic marker of ARDS was re-
cently tested and could correctly classify ARDS patients and controls with an AUC
of 0.78 [42]. In our study, an AUC of 0.87 was found for VAP, which suggests that
VAP may produce more pronounced differences in the exhaled breath. The ARDS
study was performed using GC-MS and identified three VOCs to be essential for the
discriminating model, of which two alkanes and one aldehyde. Although none of the
individual compounds corresponded to the VOCs identified in our study, we found
alkanes and aldehydes as well. This could imply involvement of similar underlying
biological mechanisms in VAP and ARDS as well as sufficient differences between the
pathology of the conditions to make them distinguishable by exhaled breath.

Over the last few years, multiple studies were performed to identify VOCs specific
to a certain strain of bacteria. A recent review summarized all VOCs found for the
six most frequently found bacteria in the ICU: Staphylococcus aureus, Streptococcus
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pneumoniae, Enterococcus faecalis, Pseudomonas aeruginosa, Klebsiella pneuomoniae
and Escherichia coli [7]. These are all known to cause VAP in critically ill patients
[43]. Another recent study detected VOCs that could differentiate various species of
bacteria in vitro [14]. Although some of the bacteria included in this study were similar
to those present in the current VAP patients, no overlap between the discriminating
VOCs was observed. Aside from the small number of patients affected by each of
these individual bacteria, this lack in overlap could also be explained by the fact that
the in vitro study compared strains among one another whereas the present study
compared diseased patients and controls. More generally, all of the studies described
here were performed in vitro or ex vivo whereas our study has been carried out with
in vivo samples from a very heterogeneous patient population. This may also explain
the discrepancies with our findings, as there are limitations to the translatability of
in vitro and ex vivo experiments into an in vivo situation [44].

Recently a study was published by Fowler et al. where 46 ICU patients with
sterile brain injury were followed as some of them developed a significant presence
of airway pathogens (>104 cfu/mL) that ultimately may have led to VAP in these
patients [16]. Their exhaled breath was sampled and analysed in a similar manner
as in our study using thermal desorption coupled with gas chromatography time of
flight mass spectrometry, followed by multivariate analysis of the data. Likewise,
BAL results were used as a reference in the diagnosis of VAP. Remarkably, 33% of
the monitored patients demonstrated significant growth of pathogens in the lower
respiratory tract. Hence, the incidence of VAP was much higher than in our ICU
where we found an average of 2.5 episodes of VAP in 1,000 ventilator days [45]. This
discrepancy might be explained by a higher risk of aspirations in patients with brain
injury requiring intubation [46]. Although the patient population may not adequately
reflect the overall ICU population, the results from Fowler et al. are very promising as
a means to associate bacterial colonisation of the lower respiratory tract with exhaled
VOCs. In contrast, our study reflects more the current clinical guidelines in the
diagnosis of VAP, and the heterogeneity of an ICU population.

The list of VOCs found for VAP(+) vs. VAP(-) comparison consists of both
endogenous and exogenous sources. Some endogenous compounds may be useful as
they can indicate the cellular processes underlying VAP.

Ethanol is a compound that is both produced by processes specific for bacteria,
but also during glycolysis and gluconeogenesis pathway, that are present in both the
human host and the bacteria. In all but one of these pathways it is produced as a
metabolite end-product, which is reflected in the increased level of exhaled ethanol in
VAP(+) patients.

Acetone is produced by spontaneous decarboxylation of acetoacetate, which is pro-
duced as a result of the build-up of ketone bodies. These ketones can be formed in the
liver as a result of sepsis [47]. As a consequence of acetone build-up, isopropyl alcohol
is formed as break-down product of acetone during ketogenesis. The exhaled con-
centrations of both compounds were lower in VAP(+) compared to VAP(-) patients.
This can be explained by the fact that ketogenesis is reduced during inflammatory or
infectious states [47], resulting in less production of acetone and isopropyl alcohol.

Acrolein (2-propenal) is also very likely to originate from endogenous sources and
can be produced by a number of cellular processes. Firstly, lipid peroxidation accounts
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for a small portion of the endogenously produced acrolein. Secondly, myeloperoxidase
(MPO),0 playing a crucial role in oxidative stress and the immune response to bac-
teria, was found to oxidize threonine into acrolein. Lastly, polyamines can also be
catabolized into acrolein [48]. These polyamines are essential to the cell as they in-
fluence a range of processes from RNA and DNA structure to enzyme activity [49].
Additionally, one KEGG pathway was found where acrolein is formed as a break-
down product of anti-cancer drugs. Each group did include a few patients that were
administered cyclophosphamide, however the percentage of these patients did not dif-
fer between VAP(+) and VAP(-) group. It therefore seems likely that the different
abundance in acrolein originates from one of the described endogenous pathways.

Five of the 12 VOCs identified by the model can be classified as (branched) alka-
nes: heptane, 2-methylbutane, dodecane, tetradecane and tetradecanal. Two primary
processes could account for the presence of alkanes in exhaled breath. First, lipid
peroxidation as a result of oxidative stress is able to produce hydrocarbons. Hep-
tane is thought to originate from oleic acid, and 2-methylbutane may originate from
2-methyl-1,3-butadiene (also known as isoprene). Second, alkanes are also present in
the environment and are inhaled on a daily basis. After ingestion, the compounds are
broken down in the liver by cytochrome P450 enzymes (CYP). The activity of these
enzymes decreases with aging, but also with disease, implicating reduced CYP activity
in severely ill patients [50]. Both mechanisms could explain the different abundances
found between VAP(+) and VAP(-). Ethylbenzene is an benzene derivative and an
indoor pollutant [51]. Benzene and its derivatives are also broken down in the liver
by CYP enzymes, which may not function properly in critically ill patients, resulting
in different exhaled abundances of ethylbenzene in VAP(+) vs. VAP(-) patients [52].
The two remaining compounds, tetrahydrofuran and carane (3,7,7-Trimethylbicyclo
[4.1.0]heptane), are also environmental pollutants and have no known endogenous
source. Both compounds are likely metabolized by CYP enzymes in the liver, but no
literature was found that supports this theory.

A limitation of the present study is the relatively small number of subjects. We
were unable to test for specific strains of bacteria. As VAP is generally caused by an
array of bacteria, we only had a few patients per bacterial strain available at most,
hindering the use of multivariate statistics to identify strain-specific VOCs in vivo.

Although the quantitative culture analysis of BAL is accepted as state-of-the art in
the diagnosis of VAP [53], the sensitivity and specificity were variable among earlier
histopathology studies with percentages of 42-93% and 45-100%, respectively [54–
56]. This could have led to misdiagnosing several patients which could have possibly
influenced the findings of the current study. However, the use of RF as multivariate
technique reduces the influence of mislabelled samples on the outcome.

3.6 Conclusion

The present study has demonstrated that it is possible to distinguish ICU patients
with VAP from patients without VAP based on a profile of only 12 VOCs. Exhaled
breath analysis is a promising, simple, safe and non-invasive technique for the rapid
diagnosis of VAP. A larger study population is warranted to confirm our findings.
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Additionally, studies should be performed where strain-specific VOC profiles can be
found.

3.7 Supplementary Materials

Table 3.S1: Statistical significance of confounding factors tested by
rMANOVA. The presence of one or more comorbidities was tested as well as the
presence of specific comorbidities. None of the potential confounding factors were
significantly associated with the VOC profile.

Confounder p-value
Age 0.5400
Gender 0.3750
SOFA score 0.1970
ICU mortality 0.2160
In hospital mortality 0.3030
Diagnostic group upon admission 0.2370
Severe sepsis 0.2070
Comorbidities (present yes/no) 0.1790

Respiratory 0.4090
Chronic renal failure 0.9460
Cardiovascular 0.1590
Active malignancy 0.4200
Immunocompromised 0.7040
Chronic liver failure 0.2320
Neurological impairment 0.3020
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Chapter 4. Exhaled breath for ILD

4.1 Abstract

Interstitial lung diseases (ILDs) are a heterogeneous group of chronic lung diseases
characterized by lung inflammation and tissue remodeling. They include idiopathic
ILDs such as idiopathic pulmonary fibrosis (IPF) and ILDs secondary to chronic
granulomatous diseases such as sarcoidosis and connective tissue disease (CTD). As
differential diagnosis of these diseases remains difficult and invasive, the primary aim
is to identify whether volatile organic compounds (VOCs) in exhaled air can be used
to non-invasively discriminate IPF and CTD-ILD. As secondary aim, the association
between the unique IPF and CTD-ILD VOC patterns and lung function decline is
investigated.

Fifty-one IPF patients, 53 CTD-ILD patients and 88 healthy controls were asked to
donate exhaled air which was analyzed for its VOC content using gas chromatograph-
time of flight- mass spectrometry. By applying multivariate analysis, a discriminative
profile of 34 VOCs was observed to discriminate between IPF patients and healthy
controls whereas 11 unique VOCs were selected to distinguish between CTD-ILD
patients and healthy controls. The separation between the two ILDs could be made
using 16 discriminating volatiles, that also displayed a significant correlation with
total lung capacity and the 6 minutes walk distance.

This study reports for the first time that unique VOC profiles can be detected to
differentiate IPF and CTD-ILD from both healthy controls and each other. More-
over, an ILD-specific VOC profile was strongly correlated with clinical parameters.
Future research applying larger cohorts of patients suffering from a larger variety of
ILDs should confirm the potential use of breathomics to facilitate fast, non-invasive
and proper differential diagnosis of specific ILDs in the future as first step towards
personalized medicine for these complex diseases.

4.2 Introduction

Interstitial lung diseases (ILDs) are a heterogeneous group of chronic lung diseases
characterized by varying degrees of lung inflammation, resulting from the activation
of both the innate and adaptive immune system, and tissue remodeling culminating
in lung fibrosis. Most frequent ILDs include idiopathic ILDs such as idiopathic pul-
monary fibrosis (IPF) and ILDs secondary to chronic granulomatous diseases, such
as sarcoidosis and connective tissue disease (CTD), exemplified by systemic sclerosis
(SSc). Although CTD-ILD is often considered as a single entity, this term actu-
ally reflects a heterogeneous spectrum of diverse CTDs and a variety of patterns of
interstitial pneumonia [1].

Due to their relative low incidence and prevalence numbers, ILDs are still an under
recognized problem within universal health care systems. However, these diseases
induce overwhelming morbidity and are the leading cause of mortality in patients
suffering from CTD [2, 3]. Moreover, if classified as a malignancy, IPF would rank as
the eighth most prevalent cancer worldwide [4].

Recent advances in the understanding of ILD pathogenesis suggest that general
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pathways underlie the processes leading to the typical destruction of the lung archi-
tecture observed in these diseases [4]. Characteristically, these pathways are set into
motion by intrinsic defects in the wound healing response of lung epithelial cells and
fibroblasts [5], followed by a defective re-epithelisation and fibroblast hyperprolifera-
tion [5]. Additionally, the formation of hyperplastic pneumocytes at the fibroblastic
foci and excessive accumulation of extracellular matrix components will also con-
tribute to the ultimate scar formation typical for IPF [6]. A well-recognized key
mediator in the pathogenesis of IPF, as well as other ILDs is oxidative stress, a state
that can be defined as an imbalance between the production of and the protection
against reactive oxygen species (ROS) in favor of the first [7, 8]. Interestingly, an
active inflammatory response surely can [9] but does not necessarily [10] have to con-
tribute to ILD pathology as well, thereby explaining why anti-inflammatory drugs are
not effective in all different ILDs. Although these pathways are thought to be rather
common for mediating end-stage lung fibrosis and destructing lung tissue in ILDs,
initial pathogenic mechanisms may be specific to each type of ILD.

Likewise, both prognosis and response to therapeutics vary widely among ILDs.
IPF is characterized by a poor prognosis and survival rates that, from time of di-
agnosis, are comparable to those of inoperable pulmonary malignancies [4]. Despite
the contribution of inflammation to IPF pathogenesis, there is a lack of beneficial
effect of immunosuppressive therapeutics [11]. Recent trials have shown that the two
anti-fibrotic drugs nintedanib and pirfenidone are able to slow down IPF progres-
sion and functional decline, but there is still no evidence that any currently available
treatment option is able to stop the progression or ideally even revert the process of
this disease [4, 12–14]. Other ILD including sarcoidosis, Ssc-associated pneumonia
and CTD-ILD carry a somewhat better prognosis and are usually responsive to glu-
cocorticoids or immunosuppressive agents including mycophenolate mofetil and aza-
thioprine, although a significant minority of CTD-ILD patients does not tolerate the
latter due to severe side effects [15–17]. Within these other interstitial lung disease,
the development of new drugs is challenged especially for the CTD-ILD subgroup due
to the unpredictable course and presentation of this class of diseases combined with
its considerable mortality [18]. Therefore it is of crucial importance to obtain a differ-
ential diagnosis at the earliest possible moment to steer the appropriate medication
per subgroup.

As a result of these remarkable differences in progression and especially treatment
of the various ILDs, it is highly important to diagnostically distinct IPF and other
forms of ILD. The difficulty of distinguishing CTD-ILD from other ILDs including
IPF can be exemplified by the facts that up to 15% of ILD patients also present
CTD symptoms during their initial evaluation whereas up to 25% of ILDs occur
in patients with undiagnosed CTD [19]. Despite widespread adoption of advanced
tools such as high-resolution computed tomography (HRCT) scans and availability of
disease-specific hematological markers, differential diagnosis in ILD patients remains
difficult and often mandates invasive procedures such as surgical lung biopsies [20].
Indeed, although such a surgical biopsy is no longer considered the diagnostic golden
standard in ILD, it is still the single most informative test in cases where both the
clinical and HCRT features fail to provide an exclusive diagnosis [21]. However, due
to a number of contraindications including age, comorbidities and the severity of the
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disease, it is not always possible to obtain such a diagnostic biopsy, underlining the
importance to develop other diagnostic markers that are less or even non-invasive, safe
and fast such as cryobiopsies and markers of oxidative stress [21–23]. Besides new
diagnostic markers, there is also an urgent need for biomarkers of disease progression
and therapeutic efficacy in order to phenotype ILD patients. Currently, monitoring
of ILD patients relies mostly on clinical, morphological and functional criteria, which
may lack sensitivity in detecting early and/or minimal changes in disease activity.
It can be anticipated that developing biomarkers of disease progression and therapy
efficacy will aid in creating subgroups of patients based on their disease severity and
response to therapy as a first step towards precision medicine in ILD [24].

An alternative approach for the non-invasive differential diagnosis of ILD could
be the analysis of exhaled air, known to contain a complex mixture of volatile or-
ganic compounds (VOCs) that might be applied as potential biomarkers for chronic
lung diseases [25, 26]. To this extent, we have developed a sampling methodology for
collecting concentrated samples of exhaled air against which a two-stage thermal des-
orption gas chromatography-time-of flight mass spectrometry (GC-MS) analysis has
been employed [25]. Additionally, data analysis tools have been developed to enable
the pipeline analysis of the generated GC-MS sample outputs [27]. By extracting in-
formative VOCs from the compiled database and implementing them into a classifier
of which the performance was evaluated [29], we have already shown that a specific
VOC profile in breath can discriminate healthy controls from patients suffering from
a variety of lung diseases including chronic obstructive pulmonary disease, ventilated-
associated pneumonia and asthma [28–30]. However, it would clinically be more
relevant to apply exhaled VOCs in differentiating between chronic lung diseases that
(partly) share pathogenesis and symptoms yet display diverse outcomes and therefore
require different treatment options. Therefore, the primary aim of the present study
is to identify exhaled VOC profiles characteristic for idiopathic and secondary ILDs,
represented by IPF and CTD-ILD respectively, in comparison to patients without
lung disease as well as to each other. Such a unique volatile profile for the different
ILDs could represent a novel diagnostic tool for positive and differential diagnosis of
these complex diseases. Moreover, the secondary aim of this study is to investigate
whether these exhaled VOCs, specific for either IPF or CTD-ILD, could be associated
with lung function decline and thus serve as breath biomarkers of prognosis.

4.3 Materials & Methods

A monocentric case-control observational study was performed using patients referred
for lung, renal or heart function testing to the Physiology Department of the Bichat-
Claude Bernard university hospital (Paris, France). Between 2014 and 2016, patients
were recruited at the time of their visit to this hospital by their own physician. All
participants were fully informed, both written and orally, about the aim and details
of the study and have given their written informed consent. Prior to the inclusion,
the protocol of this study was approved by the Observational Research Protocol Eval-
uation Committee (CEPRO) of the French Respiratory Society (SPLF).
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4.3.1 Patients

The study included a total of 224 subjects, divided into a group of 88 controls and
136 interstitial lung diseases (ILD) patients. Due to unequal and too low inclusion
within some specific ILDs, the study ultimately focused on two specific groups of
ILD patients, i.e. subjects suffering from idiopathic pulmonary fibrosis (IPF; n=53)
or from connective tissue disease-associated ILD (CTD-ILD; n=51). Both groups of
patients were recruited among subjects with known and well-characterized ILD, all
referred to the university hospital for lung function testing. Specific ILD diagnosis
was ascertained by reviewing medical charts established by the Referral Center for
Rare Lung Diseases (Service de Pneumologie A, Paris, France). Lung function and
HRCT data were obtained for patients in the two ILD groups. Control subjects were
recruited among patients referred for assessment of hypertension, polysomnography
or coronary heart disease (cardiac controls, n=37) as well as among patients referred
for renal testing (renal controls; n=51).

4.3.1.1 Inclusion criteria

For the control group, inclusion criteria combined an age between 40 and 80 years and
a lack of 1) any known respiratory disease including asthma earlier in life, 2) significant
exertional dyspnea (Medical Research Council scale 0-1), 3) inhaled medications, 4)
any known chronic liver disease, HIV infection, diabetes, inflammatory bowel diseases
and 5) congestive heart failure. For both the IPF and CTD-ILD group, the age was
also set between 40 and 80 years and combined with a lack of any known chronic liver
disease, HIV infection, diabetes, inflammatory bowel diseases and congestive heart
failure. Additionally, IPF was diagnosed according to ERS/ATS/JAS/ALAT criteria
(Raghu et al, 2011) whereas CTD-ILD was identified by confirming ILD at HRCT
and CTD (rheumatoid arthritis, Sjgrens syndrome, polymyositis/dermatomyositis)
according to ACR criteria.

4.3.1.2 Judgement criteria

All subjects were assigned to either the control or ILD group based on their clinical
data with an emphasis on MRC dyspnea scale and the presence of chronic cough.
Subsequently, ILD patients were characterized by lung function data and HRCT data.
For the first, spirometry (vital capacity (VC) and forced expiratory volume in 1 second
(FEV1)), static volumes (total lung capacity (TLC) and carbon monoxide diffusion
capacity (TLCO using the single breath method) were analyzed. For the HRCT data,
the presence of a usual interstitial pneumonia (UIP)pattern, possible UIP pattern
or the incompatibility with an UIP pattern was determined according to the 2011
ATS/ERS/JRS/ALAT statement [33].

The characteristics of all subjects, both controls and ILD patients, are summarized
in Table 4.1. For each of the study parameters, a students t-test was performed to
check for significant differences between two groups. Multiple testing correction was
performed using the False Discovery Rate correction [31].s The degree of significance
can be found in Table 4.S1 of the supplementary material.
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4.3.2 Sampling and measurement of exhaled breath

For VOCs sampling, participants were asked to sit down and breathe at a normal rate
into a sterile 3L Tedlar bag. The VOCs in the bag were transferred to a stainless steel
two-bed desorption tube filled with carbograph 1TD/Carbopack X (Markes Interna-
tional, Llantrisant, Wales, UK). The desorption tubes were placed inside a TD100 au-
tomated thermal desorber for industry standard (Markes International, Llantrisant,
Wales, UK) and heated to 350C to release the VOCs. Subsequently, 25% of the
released VOCs were trapped at a cold trap at 5°C, whereas 75% was re-stored at
an identical stainless steel two-bed desorption tube for potential repeated measure-
ment. Next, the released VOCs were injected in the GC-column at a temperature
of 300°C and separated by capillary gas chromatography (column: RTX-5ms, 30 m
0.25 mm 5% diphenyl, 95% dimethylsiloxane, film thickness 1 µm; Trace 1300GC,
Thermo Fisher Scientific, Waltham, Massachusetts). The temperature of the gas
chromatograph was programmed in the following manner: 40°C during 5 min, then
raised with 10°C/min to a maximum temperature of 270°C, which was maintained for
5min. Time-of-flight mass spectrometry (tof–MS; Bench TOF-dx, Almsco Interna-
tional, Llantrisant, Wales, UK) was used to detect and identify compounds available
in the samples. Electron ionization mode was set at 70 eV and the mass range m/z 35-
350 was measured. Sample frequency of the mass spectrometer was set to 5 scans/sec
and analysis run time to 33 min. Following this procedure, a chromatogram was
generated for each subject.

4.3.3 Data processing

After measurement, each chromatogram was processed to diminish the influence of
non-biological variation. Denoising, baseline correction, alignment, normalization
and scaling of the data were consecutively used based on the method previously
described by Smolinska et al [27]. Briefly, log transformation of the data was per-
formed to convert heteroscedastic noise into homoscedastic noise [32] after which the
chromatograms were denoised by a Daubechies wavelet with two levels of compres-
sion [33]. Baseline correction was done by B-splines with asymmetric least squares
smoothing [34] and normalization of the chromatograms was carried out by prob-
abilistic quotient normalization [35]. Peak picking was performed after which the
area under a peak was calculated. Peaks for the same compound were identified and
combined using correlation of the mass spectra. This resulted in a data matrix with
individual participants as rows and individual peaks as columns.

4.3.4 Data analysis

4.3.4.1 Selection of discriminatory VOCs

In order to apply VOCs for the identification of IPF and CTD-ILD patients, multi-
variate statistical modelling has been performed for selection of discriminatory VOC
profiles unique for the various groups. More specifically, three comparisons were per-
formed. First, IPF patients were compared to a group of controls sampled at the car-
diac department. Second, CTD-ILD patients were compared to the group of controls
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from the cardiac department. Finally, IPF and CTD-ILD patients were compared.
The selected multivariate statistical model was Random Forests (RF) [36], a ma-

chine learning algorithm that generates a large quantity of uncorrelated decision tree
predictors to classify samples into the appropriate class. This algorithm combines
these decision trees to produce a generalization error called the out-of-bag error. This
error demonstrates the accuracy of the model (accuracy = 1 error). Additionally,
the model provides a measure of the importance of a variable that gives the most
important variables the highest value. Based on this value, a subset of variables is
chosen that can discriminate between two classes, in this case patients and controls.
To visualize the efficacy of the model, a principal component analysis (PCA) score
plots of the RF proximities was employed. The proximities represent the similarity
between individual samples as a result of the selected VOC profile: a small proximity
value indicates similarity and a large proximity value dissimilarity between individual
samples. Consequently, a PCA plot of proximities displays sample groupings.

4.3.4.2 Internal validation

To internally validate the distinct VOC profiles selected using RF, the out-of-bag
error was calculated as described above. Additionally, the controls from the cardiac
department were set aside to be used as validation of the classification model. An
internal validation dataset comprises of samples measured at the same time as all other
samples that are not used in the development of statistical model (in this case RF). In
other words, the selection of discriminatory VOCs is not done on these samples. The
internal validation step includes projecting these extra samples into the discriminatory
VOC models designed for the first group of samples to predict their disease status. If
successful, this internal validation step makes this discriminatory VOC profile more
reliable and generalizable to a larger and independent population.

4.3.4.3 Chemical identification of VOCs

For the two comparisons between the individual diseases and the controls, a handful
of the most important VOCs were selected for chemical identification. The measure of
importance for each individual VOC in the two discriminatory profiles was determined
using the RF-variable importance, where the VOCs with the highest value had the
largest contribution to the model. The selection of VOCs for chemical identification
was based on defining a cut-off point to separate the VOCs clearly standing out
from the rest of the volatiles in the model. The plots displaying the RF-variable
importance for the discriminatory VOCs in both models as well as the selected cut-
offs are displayed in Figure 4.S2B and C. Additionally, all VOCs of the comparison
between IPF patients and CTD-ILD patients were chemically identified due to their
clinical relevance (see Figure 4.S2A of the supplementary material for the relative
contribution of these VOCs to the discriminatory profile). The identities of these
VOCs were determined in two ways: 1) spectrum recognition using the National
Institute of Standard and Technology (NIST) library in combination with an in-house
composed compound database in which pure compounds were previously recorded
and 2) validation of the identification described in step 1 by an experienced mass
spectrometrist.
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4.3.4.4 Influence of confounders

Since differences in age and gender can influence the classification between groups [37],
it is important to rule out that these factors influenced the classification model in
this study. The factors that were found significant between the different groups in
Table 4.S1 of the supplementary material (i.e. age, gender and smoking status) were
tested by regularized MANOVA [38] to determine whether they influenced the models
significantly.

4.3.4.5 Power calculation

To determine the influence of the group sizes used in this study on the differences
observed in discriminatory profiles, a sample size determination was performed as
previously described by Blaise et al [39]. Briefly, the Cohens D effect size (i.e. a
quantification of the difference of a VOC between two groups) was calculated for
each discriminatory VOC after which the data are simulated by random multivariate
normal simulation to find the sufficient sample size that allows finding the significant
differences between cases and controls [40].

4.3.4.6 Correlation between VOCs and lung function parameters

Canonical correlation analysis (CCA) [41] was used to correlate the list of discrimi-
natory VOCs to a list of lung function parameters. These include VC, TLC, FRC,
FEV1, DLCO, PaO2, PaCO2 and 6MWD. Before CCA analysis, both datasets were
log-transformed. A subset selection of the lung function parameters was made based
on the contribution of the VOCs to the CCA model to achieve the best possible
correlation. A correlation coefficient and corresponding p-value were reported in
combination with figures of the correlation.

4.4 Results

To answer the research questions, the present study consists of two groups of patients
(IPF and CTD-ILD) as well as two groups of controls (collected at either the renal or
cardiac department). Using PCA in combination with Bhattacharyya distance [42],
no clear distinction between these two control groups could be revealed. Therefore,
the so-called renal control group was used to search for discriminatory VOCs between
IPF or CTD-ILD patients and controls because if its larger sample size, whereas the
so-called cardiac control group was set aside for (internal) validation.

Before classification, the differences in age, gender and smoking behavior in Table
4.1 were tested for significance between the three groups. No significant differences
between the two control groups were found. However, the difference in age of the
participants between the controls and IPF patients (p-value: 5.8-16) and between
the IPF and CTD-ILD patients (p-value: 1.0-06) was significant. Additionally, the
gender distribution between the controls and CTD-ILD patients (p-value: 0.002) and
the IPF and CTD-ILD patients (p-value: 1.63-06) was significantly different. Finally,
the distribution of current and ex-smokers was significantly changed between the IPF
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and CTD-ILD patients (p-value: 0.02). Nonetheless, the discriminatory VOC profiles
were not influenced by these significant differences (Table 4.S2).

4.4.1 VOC profiling for IPF patients versus controls

The exhaled VOCs from the included 53 IPF patients were compared with those
present in the breath of the 51 controls from the renal department using RF. A total
of 34 VOCs was selected that could discriminate the IPF patients from the controls
with 84.6% accuracy and a sensitivity of 81.1% and specificity of 88.2%. The chemical
identity of the 5 most important VOCs is given in Table 4.2, which shows that the
concentration of all but benzaldehyde is higher in the IPF patients. The Receiver
Operating Characteristic (ROC) curve has an area under the curve (AUC) of 91.2%
(Figure 4.1A). Additionally, a PCA score plot was generated to display groupings in
the data as a result of the selected subset of VOCs. This score plot is depicted in
Figure 4.1B and demonstrates a clear separation between both groups.

Figure 4.1: VOC profiling for IPF patients versus controls. A) ROC curve
of which the AUC measures discrimination, i.e. the ability of the test to correctly
classify those with and without the disease with 100% being absolute discrimination.
The corresponding AUC is 91.2%. B) 3D PCA plot of Random Forests proximities
comparing IPF and controls. This plot is based on a subset of 34 VOCs. Each point
represents an individual and therefore this plot provides an overview of all subjects
and how they relate to each other. The distance between individual points expresses
their similarity, i.e. short distance is highly similar and vice versa.

4.4.2 VOC profiling for CTD-ILD patients versus controls

When comparing the exhaled VOCs of the 51 included CTD patients with those
present in the breath of the renal controls, 11 VOCs were selected as discriminatory.
The 4 most important VOCs in this model are listed in Table 4.3, all of which de-
creased in concentration in the CTD-ILD patients compared to the healthy controls.
This discriminatory VOC profile provided a classification accuracy of 77.5% with a
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sensitivity of 76.5% and a specificity of 78.4%. The corresponding ROC curve and
PCA scores plot are displayed in Figure 4.2A and B. The ROC AUC was 83.9%.

Figure 4.2: VOC profiling for CTD-ILD patients versus controls. A) ROC
curve of which the AUC measures discrimination, i.e. the ability of the test to cor-
rectly classify those with and without the disease with 100B) 3D PCA plot of Random
Forests proximities comparing CTD-ILD patients and controls. This plot is based on
a subset of 11 VOCs. Each point in the plot symbolizes one subject in the study. The
distance between two points signifies the measure of similarity, i.e. a small distance
indicates high similarity and vice versa.

4.4.3 VOC profiling for IPF patients versus CTD-ILD patients

To accurately distinguish between the two different ILDs included in this study, i.e.
IPF and CTD-ILD, the exhaled VOCs of both patients groups were analyzed and
compared. A subset of 16 VOCs was able to predict both diseases with an accuracy
of 76.9%, a sensitivity of 75.5% and a specificity of 78.4%. The ROC curve in Figure
4.3A presents an AUC of 83.8% and the PCA scores plot in Figure 4.3B displays a
separation between the two patient groups. The chemical identity of all 16 VOCs is
displayed in Table 4.4. Seven were exhaled in lower concentrations in the IPF patients
compared to the CTD-ILD patients, whereas the other 9 revealed an opposite trend.

In order to combine the three RF models, the proximities of all three compar-
isons were combined to produce a PCA figure that could separate all three groups as
described by Smolinska et al. [45](Figure 4.4).

4.4.4 Validation

As stated in Materials and Methods section, the 37 controls from the cardiac de-
partment were excluded from the initial VOC models for validation purposes. After
selecting discriminatory VOCs, the models that accurately separated both IPF and
CTD-ILD patients from controls were applied to predict the class of these additional
37 controls. The accuracy of the IPF model was 56.8% and of the CTD-ILD model
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Figure 4.3: VOC profiling for IPF patients versus CTD-ILD patients. A)
ROC curve and its corresponding AUC, which indicates the proportion of expected
true positives/negatives by the model. B) 3D PCA plot of Random Forests proximities
comparing IPF and CTD patients. This plot is based on a subset of 16 VOCs. Each
point in the plot symbolizes one subject in the study. The distance between two points
signifies the measure of similarity, i.e. a small distance indicates high similarity and
vice versa.

Figure 4.4: VOC profiling of IPF versus CTD-ILD versus controls. 3D
PCA plot on the combined Random Forests proximities. Each axis represents one
comparison and each point in the plot symbolizes one subject in the study. The
distance between two points signifies the measure of similarity, i.e. a small distance
indicates high similarity and vice versa.
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Table 4.2: Chemical identities of the most important VOCs of the com-
parison between IPF and Controls

Chemical identity CAS number Change in IPF with respect to controls
Ethanol 64-17-5 Down
Heptane 142-82-5 Down
Benzaldehyde 100-52-7 Up
Unknown NA Down
Dimethyl sulfide 75-18-3 Down

Table 4.3: Chemical identities of the most important VOCs of the com-
parison between CTD-ILD and Controls

Chemical identity CAS number Change in CTD-ILD with respect to controls
2-Heptanone 110-43-0 Down
4-penten-ol 821-09-0 Down
2,5-dimethyl furan 625-86-5 Down
Ethanol 64-17-5 Down

Table 4.4: Chemical identities of all discriminatory VOCs of the compari-
son between IPF and CTD-ILD

Chemical identity CAS number Change in IPF with respect to CTD-ILD
Acetone 67-64-1 Down
Dimethylsulfone 3877-15-4 Up
Heptane 142-82-5 Down
4-methyl-2-heptene 3404-56-6 Up
Branched C11H24 NA Up
Undecane 1120-21-4 Down
Tridecane 629-50-5 Up
Octadecane 593-45-3 Down
Branched C12H24 NA Up
Pyrrolidine 123-75-1 Down
Decanal 112-31-2 Down
2-heptanone 110-43-0 Up
Branched C14H30 NA Up
4-penten-ol 821-09-0 Up
2,5-methylfuran 625-86-5 Down
2-thiapentane 3877-15-4 Up
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46%, indicating that the selected VOCs could not be validated in both models using
this set of controls.

4.4.5 Power calculation

Because IPF and CTD are heterogeneous diseases, the group sizes applied in this study
might not be large enough for the effect sizes of the VOCs that can be anticipated
in such diverse patient groups. In order to test the influence of the applied power
on the observed results, a power calculation was performed for all three comparisons
to estimate the required sample sizes based on the effect size of each discriminatory
VOC. For the VOC model that discriminates between IPF and controls, 30 of the
selected 34 VOCS reached a sufficient statistical power of 0.8 when the sample size
was approximately 350 samples (Figure 4.5A). For the remaining four VOCs, no
sufficient sample size could be calculated to reach the required power of >0.8 For the
VOC profile observed to distinguish between CTD-ILD and controls, all 11 VOCs
reached a satisfactory power level at approximately 350 samples (Figure 4.5B). A
similar trend was observed for the predictive model of IPF versus CTD-ILD where
only 2 of the discriminatory 16 VOCs had insufficient effect size to reach an acceptable
power (Figure 4.5C). From the remaining 14 volatiles, 1 VOC reached a power higher
than 0.8 at 450 samples whereas the majority already achieved such an adequate
power at approximately 300 samples.

4.4.6 Correlation between discriminatory VOCs and lung
function parameters

To examine the clinical relevance of the identified VOCs, correlation between the
discriminatory volatiles of both groups of patients and the lung function parameters
characteristic for IPF and CTD-ILD was performed using CCA. As depicted in Figure
??, a significant correlation was observed between the VOCs and two of the included
lung function parameters: TLC and 6MWD. A correlation coefficient of 0.8484 with
a corresponding p-value of 0.0308 was achieved.

4.5 Discussion

As ILDs represent a rather heterogeneous group of diseases characterized by non-
specific clinical symptoms yet associated with a broad range of clinical outcomes,
varying from chronic fatigue to death by respiratory failure, accurate in-time diag-
nosis is mandatory. Until now, invasive lung biopsies are often still required for the
correct differential diagnosis in ILDs as other currently available diagnostic tools in-
cluding imaging techniques (e.g. HRCT) and biological markers (e.g. chemokines,
proteases and growth factors, [46] fail to be exclusive [20, 21]. Therefore, the possible
usefulness of non-invasive volatile markers excreted in the breath to identify specific
types of ILD has been explored in the present study.

We report an attempt to find discriminatory VOC profiles in the breath of pa-
tients suffering from IPF or CTD-ILD and healthy controls. In the present study,
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Figure 4.5: Calculated power of the discriminatory volatiles selected for
each comparison for increasing sample sizes. A) Each line depicts one of the 34
discriminatory VOCs of the comparison between the IPF patients and the controls.
The error bars denote the standard deviation of each line. The error bars of the lowest
4 lines were removed for clarity. B) Each line depicts one of the 11 discriminatory
VOCs for the comparison between CTD-ILD and the controls. The error bars denote
the standard deviation of each line. The error bars of the lowest line were removed for
clarity. C) Each line depicts one of the 16 discriminatory VOCs for the comparison
between IPF and CTD-ILD. The error bars denote the standard deviation of each
line. The error bars of the lowest three lines were removed for clarity.

34 VOCs correctly discriminated IPF patients from healthy controls with 84.6% ac-
curacy, whereas 11 VOCs discriminated CTD-ILD patients versus healthy controls
with 77.5% accuracy. Moreover, the two ILDs were correctly distinguished from each
other with an accuracy of 76.9% using a set of 16 unique VOCs. Interestingly, this
last subset of 16 volatiles was strongly correlated with two clinical parameters of the
diseases, i.e. total lung capacity and 6 minutes walk distance, indicating the possi-
ble pathological relevance of the selected VOCs in ILDs. Although these results are
promising and could lead to potential new non-invasive markers of IPF and CDT-ILD,
the set of VOCs discriminating between ILD patients and controls could not be vali-
dated in the independent control group. This additional validation, using the second
control group that was put aside during the development of the initial classification
model, yielded accuracies of 57% and 46% for the classification of respectively IPF
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and CTD-ILD. A possible explanation for this lack of sufficient prediction of the extra
cardiac control group could be the presence of a slightly distinct breath profile when
only the selected sets of discriminatory VOCs are taken into account. As described
in the results section, the total VOC profiles of both control groups were compared
using PCA in combination with Bhattacharyya distance to verify that they were not
significantly different from each other. However, when the same analysis was per-
formed on only the two distinct sets of discriminatory VOCs observed in this study
(i.e. 34 volatiles for the separation model between controls and IPF and 11 for that
between controls and CTD-ILD), the corresponding Bhattacharyya distances revealed
that there are differences between these two control groups after all. The fact that
these distances were very low (i.e. 0.14 and 0.16 for the 34 and 11 VOCs respectively)
indicates that the differences observed between the two control groups are very low as
well as the smaller the Bhattacharyya distance is, the smaller the observed differences
are. Another possible explanation for this apparent lack of prediction could be the
insufficient size of both the control and patient groups that might hamper capturing
all possible variances induced by these heterogeneous diseases. As can be deduced
from Figure 4.5, the majority of VOCs in each of the 3 discriminatory models only
reached a statistical significant power when the number of individuals in each group
would be 6 to 7 times higher than the current inclusion. Although, it cannot be guar-
anteed that with increased group sizes, the classification models would indeed have
future predictive power, these sample size simulations do indicate that the number
of individuals included has been the bottleneck in this study. Consequently, our re-
sults should be considered as promising pilot data and future research is warranted
to explore whether the observed discriminatory VOC patterns for IPF and CTD-ILD
will hold true in different and larger patient cohorts, preferably sampled at different
locations. Additionally, these future studies should include other ILDs to explore if
they can also be differentiated based on unique VOC profiles as well as to elucidate
whether volatiles discriminative for these other ILDs overlap with those observed for
IPF and CTD-ILD in the present study.

Chemical identification of the most discriminatory VOCs observed in this study
lead to interesting observations. For instance, 5 volatiles have important discrimi-
native power in more than one of the classification models. Both 2-heptanone and
4-pentan-1-ol are found in increased levels in IPF compared to CTD-ILD and dis-
play decreased relative concentrations in CTD-ILD versus healthy controls, indicating
that these two VOCs might be related to CTD-ILD. Similarly, the relative concen-
trations of heptane are decreased in the breath of IPF patients compared to both
the healthy controls and CTD-ILD patients, suggesting that this volatile is probably
related to IPF pathogenesis. The remaining two VOCs that were of interest in more
than one of the comparisons are dimethylsulfide, dimethylsulfone and 2,5- dimethyl-
furan. Dimethylsulfide is decreased in IPF compared to controls whereas the levels
of dimethylsulfone, which is formed upon oxidation of dimethylsulfide by hydrogen
peroxide, are increased in IPF compared to CTD-ILD. The presence of these two
volatiles can be explained by enhanced production of hydrogen peroxide by NADPH
oxidase 4, activated by transforming growth factor which is considered the hallmark
of IPF [43]. Finally, 2,5 dimethyl furan is a biomarker of smoking [44] and involved in
singlet oxygen scavenging [45]. The fact that the levels of this volatile are decreased
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in CTD-ILD compared to controls as well as in IPF versus CTD-ILD indicates that
these lower levels are not merely a reflection of the different inclusion rates of current
and ex-smokers in all patients groups, but also associated with the oxidative stress
underlying the pathology of ILD.

Within the IPF-specific profile, benzaldehyde levels were increased whereas the
levels of ethanol, heptane and dimethyl sulfide were decreased in comparison to
controls. Benzaldehyde is a naturally occurring dietary chemical present in for in-
stance almonds, which is also used as a food additive and in scented products and
cosmetics [46, 47]. Endogenously, benzaldehyde is formed out of benzylamine by
semicarbazide-sensitive amine oxidase [48] which is a pro-inflammatory enzyme par-
ticularly expressed in the lungs [49] and elevated in smokers and patients suffering
from inflammatory diseases [50]. Although there are no reports yet on the specific role
of benzaldehyde in IPF, it has been shown in animal models that inhibition of amine
oxidase reduces pulmonary inflammation and the development of fibrosis [50, 51].
Therefore, amine oxidase might be involved in IPF, causing the observed elevated
levels of benzaldehyde in the exhaled breath of IPF patients. The relative concentra-
tion of heptane was reduced in the breath of IPF patients. Since heptane a known
marker of oxidative stress [55, 56] and reported to be increased in patients suffering
from various lung diseases including tuberculosis and lung cancer [52, 53], the ob-
served decrease in IPF, a disease associated with oxidative stress as well, is remark-
able and difficult to interpret.Finally, the relatively lower levels of dimethyl sulfide in
the breath of IPF patients can be explained by the recent finding that this volatile of-
fers protection against oxidative stress and ageing, two processes associated with IPF
pathology, by serving as a substrate for the antioxidative enzyme called methionine
sulfoxide reductase A [54].

In the breath of CTD-ILD patients, a decrease was noticed in the relative con-
centrations of heptanone, 4-penten-ol and 2,5-dimethylfuran compared to healthy
controls. A clear explanation for the lowered levels of heptanone and 4-penten-ol is
currently still lacking, although an isomer of the latter (i.e. 4-penten-2-ol) has already
been reported as a marker for lung cancer [53].

The only volatile displaying the same pattern in both ILDs was ethanol, whose
relative concentration was decreased in both IPF and CTD-ILD compared to healthy
controls. In the human body, ethanol is constantly formed as a metabolite of ac-
etaldehyde which is in situ generated during the metabolism of pyruvate, threonine,
deoxyribose-5-phosphate and other substrates [55]. Interestingly, this endogenous for-
mation of ethanol is under influence of various physiological circumstances and can be
hampered by both ageing and oxidative stress [55], two conditions frequently reported
to be associated with ILDs in general and IPF specifically [6, 7]. Interestingly, this
endogenous formation of ethanol is under influence of various physiological circum-
stances and can be hampered by both ageing and oxidative stress [55], two conditions
frequently reported to be associated with ILDs in general and IPF specifically [6, 7].
A second possible source of pulmonary ethanol secretion is the lung microbiome as a
recent study of Bos et al. has revealed that bacterial DNA fragments can be linked to
enzymes implicated in the production of VOCs predictive of respiratory tract coloniza-
tion and/or infection including ethanol [56]. However, it has also been reported that
microbiota are not disordered in ILD patients [57], suggesting that the pulmonary
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microbiome could only be involved in the altered ethanol excretion is most likely
not associated with when underlying infections, are present. The observation that
exhaled ethanol levels were not discriminatory between the ILDs further underlines
that its excretion is not associated with infections but instead with general pathways
underlying the pathology of these diseases including oxidative stress.

Most exhaled studies regarding ILDs have focused on either the fraction of ex-
haled nitric oxide (FENO) or markers in exhaled breath condensate (EBC). The few
studies that have focused on identifying FENO in ILD display rather conflicting re-
sults [58–60], which might not be that surprising considering the fact that FENO is
a marker of inflammation, a process that is nowadays no longer considered a manda-
tory contributor to ILD pathology [10]. Within the EBC studies performed over the
last years, the focus was mostly on measuring markers of oxidative stress including
malondialdehyde [61], nitrite [62], 8-isoprostane [63] and hydrogen peroxide itself [63].
However, all these markers are rather general for the occurrence of oxidative stress,
a process involved in the pathology of many chronic diseases, and thus never shown
to be exclusively different for specific ILDs. Moreover, these markers have always
been analyzed on individual level which will obviously also hamper their usefulness
to differentiate between ILDs as these multifactorial diseases cannot be characterized
by a single marker or process.

Until now, only two other groups have studied the excretion of disease-specific
VOCs in ILDs. In the first study in 2005, elevated level of ethane were reported to
be exhaled in the breath of ILD patients [64]. Interestingly, the level of ethane was
correlated with the clinical outcome parameters as well as with lactate dehydrogenase
and Pa(O2) levels, two indicators of oxidative stress [64]. The other study measured
exhaled VOCs in IPF patients and identified 5 VOCs (i.e. isoprene, ethylbenzene,
p-cymene, acetoin and an unknown compound) that were significantly different in
their breath compared to that of healthy controls [65]. Isoprene, ethylbenzene and
p-cymene were also detected in our study, as well as m-, p-, and o-xylene as they
are hard to distinguish from ethylbenzene. Their relative concentrations in our study
and the corresponding p-values are depicted in Figure 4.S1 (supplementary data).
None of these individual VOCs displayed a significantly altered level in the breath of
IPF patients compared to that of healthy controls, although o-xylene almost reached
significance (p-value 0.067). These discrepancies may arise from the fact that we
employed an age-matched control group, and have measured all excreted VOCs fol-
lowed by selecting discriminating VOC profiles rather than measuring a subselection
of volatiles of which the significant change is analyzed on an individual level. Nev-
ertheless, the observation of Yamada et al. that changes in VOCs are related to
clinical parameters including lung function underlines the usefulness of breathomics
in diagnosing IPF [65]. Similarly, we also observed a significant correlation between
lung function parameters and the discriminatory VOC profiles for both ILDs. As a
compromised lung function is the key clinical feature of ILDs, this observed correla-
tion indicates that the selected VOCs may be linked to the general pathogenesis of
these diseases. Future research has to elucidate whether this link is specific per ILD
or general for all ILDs and whether it can be used to develop a breath biomarker of
prognosis, disease severity and therapy efficacy.

In conclusion, this study reports for the first time that VOC profiles can be de-
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tected in the breath of patients suffering from IPF or CTD-ILD that differentiate
them from both healthy controls and each other. Moreover, an ILD-specific VOC
profile was strongly correlated with clinical parameters. Future research applying
larger cohorts of patients suffering from a various type of ILDs and including exter-
nal validation sets should confirm the potential use of breathomics to facilitate fast,
non-invasive and proper differential diagnosis of specific ILDs in the future as first
step towards personalized medicine for these complex diseases.

4.6 Supplementary Materials

Figure 4.S1: Relative concentrations of individual VOCs reported in lit-
erature to differ in the breath of IPF patients and healthy controls. The
displayed boxplots represent the following volatiles: A) Isoprene, B) p-Cymene, C)
Ethylbenzene, D) m- and/or p-Xylene, E) o-Xylene. In each plot, the p-value is
displayed, where a p-value ¡ 0.05 is considered significant. m-, p-, and o-xylene are
hard to distinguish from ethylbenzene, leading to possible misidentification, thus their
significances are also reported.
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Figure 4.S2: The importance of the variables for each of the three com-
parisons. The dashed horizontal lines indicate the chosen cut-off to select the most
important VOCs for chemical identification. A) IPF vs. controls; B) CTD vs. con-
trols; C) IPF vs. CTD-ILD.
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Figure 4.S3: (Continued.)

Table 4.S1: Statistical significance for the different study parameters.
These significances were calculated using a Students t-test in combination with False
Discovery Rate correction. *: p-value <0.05; **: p-value <0.01; ***: p-value <0.001;
ns: not significant

Significance
renal vs.
cardiac
controls

Significance
Controls
vs. IPF

Significance
Controls
vs. CTD-
ILD

Significance
IPF vs.
CTD-
ILD

Number of subjects ns *** ns ***
Age (yrs. old) ns ns ** ***
% male ns ns ns *
% smokers ex/current ns
VC (% STD) ns
TLC (% STD) ns
FRC (% STD) ns
FEV1 (% STD) ns
DLCO (% STD) ns
PaO2 (± STD mm Hg) ns
PaC02 (± STD mm
Hg)

ns
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Table 4.S2: The influence of the significant study parameters on the dis-
criminatory VOC profiles. Regularized MANOVA was used to test whether signif-
icant study parameters were influential. A p-value <0.05 was considered significant.

Study Parameter Comparison p-value
Age Controls vs. IPF 0.212
Age IPF vs. CTD-ILD 0.219
Gender CTD-ILD vs. Controls 0.072
Gender IPF vs. CTD-ILD 0.814
Smoking IPF vs. CTD 0.637
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5.1 Abstract

As in other disciplines of omics research, reproducibility is a major problem in exhaled
breath research. Many studies report discriminatory volatiles in the same disease, yet
the similarity between lists of identified compounds is low. This can occur due to
many factors including the lack of internal and in particular external validation. In
an ideal situation, an external validation sampled at for example a different location
- is always included to ensure generalization of the observed findings to a general
population.

In this study, we hypothesized that sarcoidosis patients and healthy controls could
be discriminated based on a group of volatile organic compounds (VOCs) in exhaled
breath and that these discriminating VOCs could be validated in an external popu-
lation. The first dataset consisted of 87 sarcoidosis patients and 27 healthy controls,
whereas the validation dataset consisted of 25 patients and 29 controls. Using the
first dataset, 9 VOCs were found that could predict sarcoidosis with 79.4% accuracy.
Different types of internal and external validation were tested to assess the validity
of the 9 VOCs. Of the internal validations, randomly setting aside part of the data
achieved the most accurate predictions while external validation was only possible by
building a new prediction model that yielded a promising yet not entirely convincing
accuracy of 74% due to the indirect approach. In conclusion, the initial results of this
study are very promising but, as the results of our validation set already indicated,
may not be reproducible in other studies. In order to achieve a reliable diagnostic
breath fingerprint for sarcoidosis we encourage other scientists to validate the pre-
sented findings.

5.2 Introduction

In biomedical research, biomarker discovery is of importance as it allows for the
development of either diagnostic or prognostic markers of disease in the clinic [1].
These biomarkers are often derived using omics technologies from tissue, blood, urine
or exhaled breath [2]. Mathematical modeling is subsequently used to identify novel
biomarkers that may have diagnostic potential. However, problems occur when this
modeling is not performed correctly.

To ensure reproducibility when using modeling algorithms, the so-called Transpar-
ent Reporting of a multivariate prediction model for Individual Prognosis or Diagnosis
(TRIPOD) statement classifies predictive modeling studies into four types [3]. The
first type is a predictive model built on one dataset and sometimes validated on that
same dataset using resampling. Since this one dataset never fully represents the actual
patient population, this approach leads to biased results that cannot be reproduced
due to overfitting. The second type of prediction model studies uses one dataset,
but sets apart a portion of the data as a so-called test or (internal) validation set.
The test set is not used in the development and optimization of the model, but to
validate it. This methodology is more robust but overfitting may still occur since
the test set is collected within the same dataset. The third and fourth type uses an
external, independent validation that measures the same outcome and parameters,
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but is sampled at a different time-point and/or hospital. The difference between type
3 and 4 is that researchers perform the validation themselves in type 3 compared to
blind validation by other researchers in type 4 studies. This external, independent
testing results in reliable predictions that can be reproduced by other studies.

The lack of external validation is visible in various omics fields, including genomics,
proteomics and metabolomics studies, where the majority of the outcomes cannot be
reproduced [4, 5]. A similar trend is observed in the metabolomics analysis of exhaled
breath, as there is little overlap in markers found in studies on the same disease.
For example, two systematic reviews found a 14% and 7% overlap in discriminatory
volatiles for COPD [6] and asthma [7] respectively. However, it should be kept in mind
that this lack of reproducibility may also be influenced by differences in methodology
as well as the complexity of exhaled breath.

Exhaled breath contains a mixture of endogenous and exogenous volatile metabo-
lites, called volatile organic compounds (VOCs). Exogenous VOCs originate from
environmental exposures, whereas endogenous VOCs are thought to be produced by
microorganisms or as by-products of cellular metabolism [8]. In the lungs, most of
these VOCs will diffuse from the blood into the exhaled air, while others are immedi-
ately exhaled without going into the blood [9]. When the lungs are affected by disease,
cellular processes such as inflammation, oxidative stress and lipid peroxidation are al-
tered, thereby leading to differences in either the composition or relative presence of
the excreted VOCs [10, 11]. In this study we use sarcoidosis as a research case to
demonstrate the need of external validation in the field of exhaled breath. We focus
on sarcoidosis because it is a multisystem granulomatous disease with a great vari-
ety in the clinical phenotype [12] presenting with symptoms such as extreme fatigue,
coughing, wheezing and dyspnea [13, 14]. The combination of these two factors makes
it difficult to find a marker that can support the diagnosis of sarcoidosis sufficiently
and accurately, resulting in a long route to the final diagnosis mainly by exclusion of
other diseases [15].

From a clinical perspective, sarcoidosis has a prevalence of 200 and an incidence
of 10 persons per 100,000 inhabitants [16]. The cause of the disease is unknown, but
research suggests that sarcoidosis occurs due to a (myco)bacterial infection [17] or an
interaction between immunological, genetic, environmental factors [15]. The onset is
thought to occur due to an inflammatory response that causes granulomas in affected
sites that are mainly found in the lungs [14, 18, 19].

This study was designed as a TRIPOD type three study to evaluate and validate
the potential of exhaled breath analysis in the diagnosis of sarcoidosis patients. The
first aim of this study was to determine whether a set of VOCs could accurately
distinguish between sarcoidosis patients and healthy controls. To this end, the exhaled
breath of 113 participants was sampled, consisting of 87 sarcoidosis patients and 26
healthy controls. Bootstrapped Partial Least Squares was used to identify VOCs that
could discriminate between the sarcoidosis patients and the healthy controls. The
second aim of this study was to externally validate the findings of the first aim in an
additional dataset containing 25 sarcoidosis patients and 29 healthy controls. These
participants were sampled several years later using the same procedure, but at another
location. We hypothesized that discrimination between sarcoidosis patients and the
healthy individuals can be achieved based on exhaled VOCs analysis and that this
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can be validated in an independent external group of participants.

5.3 Materials and Methods

5.3.1 General Information

All participating patients were recruited during their regular check-ups at one of the
two participating out-patient clinics. The Medical Ethical Committee of Maastricht
University Medical Center (MUMC) had approved the protocol before the beginning
of the study (ClinicalTrials.gov Identifiers NCT00741572 & NCT02361281). All pa-
tients were fully informed about the aim and details of the study and have given their
written informed consent.

5.3.2 Patients

Two clinical studies consisting of sarcoidosis patients and healthy controls (i.e. no
respiratory diseases) were performed to find and validate discriminatory volatiles in
exhaled air for the diagnosis of this disease. The patients were sampled several years
apart at two outpatient clinics, and analyzed using different Gas Chromatography
time of flight Mass Spectrometry (GC-tof -MS) instruments. The first study, des-
ignated as the discovery study consisted of 113 individuals: 87 sarcoidosis patients
with varying stages of disease (see Table 5.1) and 26 healthy controls. The exhaled
breath was sampled from 2010 until 2012 at the outpatient clinic in Maastricht, the
Netherlands.

The second study, denoted as the validation study, contained 25 sarcoidosis pa-
tients and 29 healthy controls. All samples were collected in 2015 at Zuyderland
hospital, Heerlen, the Netherlands. For an overview of the participant characteristics
of both studies, see Table 5.1.

Sarcoidosis diagnosis was based on a positive biopsy in 84% of cases. In patients
with typical features of Lofgrens syndrome and characteristic features of bronchoalve-
olar lavage (BAL) fluid analysis results, no biopsy was obtained. This policy is con-
sistent with the World Association of Sarcoidosis and Other Granulomatous diseases
(WASOG) guidelines [20]. The healthy controls included in both studies were sampled
at the same location as the patients. Whenever possible, spouses were sampled; oth-
erwise people without pulmonary disease visiting the lung department (for example
accompanying a patient) were asked to participate as healthy controls.

5.3.3 Sampling and measurement of exhaled breath

The patients and controls were sampled during their periodic visit to their physician.
Participants were asked to sit down and breathe at a normal rate into a sterile Tedlar
bag with a capacity of 5L (for discovery study) and 3L (for validation study). The
VOCs in the bag were transferred to a stainless steel two-bed desorption tube filled
with carbograph 1TD/Carbopack X (Markes International, Llantrisant, Wales, UK).
The samples of the discovery study were analyzed as follows: the desorption tubes
were placed inside the thermal desorption unit (Markes Unity desorption unit, Markes
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Table 5.1: Overview of the participant characteristics in the discovery and
validation studies. Included are the number of participants, age (mean age stan-
dard deviation), percentage of male participants, chest x-ray stage, smoking status
and medication use of the participants. * Incomplete data

Study Discovery cohort Validation cohort

No. of participants
Patients 87 25
Controls 26 29

Age (yrs. old)
Patients 50 ± 10.6 53.4 ± 11.5
Controls 50.5 ± 10.9 51.2 ± 9.8

Percentage of male
participants (%)

Patients 57 64
Controls 38 41

Chest X-ray stage

0 18 (21%) 5(20%)
I 12 (14%) 3 (12%)
II 24 (28%) 7 (28%)
III 10 (11%) 3 (12%)
IV 23 (26%) 7 (28%)

Smoking: current/
ex/no (%)

Patients 8/14/78 0/0/100
Controls 12/38/50 0/0/28*

Medication use of
patients (%)

Yes 46 77
No 39 23
Unknown 15 0

International Limited, Llantrisant, Wales, UK) and quickly heated to 350C to release
the compounds from the tubes. (90% of the released compounds were trapped on a
second, identical tube for eventual repeated analysis, 10% was trapped at a cold trap
at 5°C, from where it was injected into the GC-column at a temperature of 300C.
Next, VOCs were separated by capillary gas chromatography (column: RTX-5ms, 30
m 0.25 mm 5% diphenyl, 95% dimethylsiloxane, film thickness 1 m, Thermo Electron
Trace GC Ultra, Thermo Electron Corporation, Waltham, USA). The temperature of
the gas chromatograph was programmed as follows: 40°C during 5 min, then raised
with 10°C/min until a final maximum temperature of 270°C. In the final step this
temperature was maintained for 5min. Time-of-flight mass spectrometry (TOF-MS)
(Thermo Electron Tempus Plus time-of-flight mass spectrometer, Thermo Electron
Corporation, Waltham, USA) was used to detect and identify components available in
the samples. Electron ionization mode was set at 70 eV and the mass range m/z 35-
350 was measured. Sample frequency of the mass spectrometer was set to 5 scans/sec
and analysis run time to 33 min. With this procedure a chromatogram was generated
for each participant.

The samples from the validation study were measured as described above, with the
following amendments: The thermal desorber used was aTD100 automated thermal
desorber for industry standard (Markes International, Llantrisant, Wales, UK). The
gas chromatograph used was a Trace 1300GC (Thermo Fisher Scientific, Waltham,
Massachusetts) and the mass spectrometer was a bench TOF-dx (Almsco Interna-
tional, Llantrisant, Wales, UK). Additionally, 25% of the sample was used for the
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actual analysis, while 75% was recollected on the same (original) sample tube. Other
parameters were identical.

5.3.4 Data processing and analysis

5.3.4.1 Data preprocessing

Each chromatogram was first preprocessed to reduce the influence of non-biological
variation. Denoising, baseline correction, alignment, normalization and scaling of
the data was used sequentially based on the method described by Smolinska et al.
[21]. Briefly, log transformation of the data was performed to convert heteroscedastic
noise to homoscedastic noise [22], after which the chromatograms were denoised by a
Daubechies wavelet with two levels of compression [23]. Baseline correction was done
by B-splines with asymmetric least squares smoothing [24] and normalization of the
chromatograms was carried out by probabilistic quotient normalization [25]. Peaks
in a chromatogram were detected and the area under each peak was calculated. The
mass spectra of the peaks at specific retention times across all samples were correlated
to each other to find common peaks. This resulted in a data matrix with individual
participants as rows and individual peaks as columns.

5.3.4.2 Selection of discriminatory VOCs

The discovery study was used to select VOCs that could discriminate the sarcoido-
sis patients from the healthy controls. Due to the imbalance of the two groups (87
patients vs. 26 controls) in this discovery set, the machine learning algorithm would
most likely favor the larger over the smaller group [26]. Therefore, the number of sam-
ples in the control group was artificially increased by applying the Adaptive synthetic
sampling approach for imbalanced learning (ADASYN) method [27]. This is an es-
tablished technique that combats data imbalance by creating synthetic samples based
on the distribution of the original samples. It functions by calculating the number of
synthetic samples needed to achieve a balanced dataset and subsequently generating
these synthetic samples based on the K nearest neighbors for each original sample,
followed by normalization based on the data distribution, resulting in a new data
matrix with synthetic samples that reside in the same space as the original samples.

A bootstrapped Partial Least Squares Discriminant Analysis (PLS-DA) model
was performed on the resulting dataset to find discriminatory volatiles in exhaled
breath of sarcoidosis patients and healthy controls. Bootstrapped PLS-DA is a com-
bination of the classification and resampling techniques. The bootstrap works by
resampling the data into a training (67% of the data) and test set (33% of the data)
many times and accumulating the classification error and compounds importance at
each round. Here, a PLS-DA classification model was created 5000 times and the
variable importance was calculated by means of Significance Multivariate Correlation
(sMC) [28]. The training set was used to optimize the final classification model by
selecting the most discriminatory compounds and number of latent variables [28].
The remaining samples in the test set were used as an internal validation of the cre-
ated PLS model with the significant variables to calculate a bootstrap classification
error. The final set of the discriminatory compounds was determined by selecting
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compounds that were chosen in at least 4500 of 5000 iterations. The individual sta-
tistical significance of each VOC was determined using the Wilcoxon rank sum test
with subsequent Benjamini and Hochbergs false discovery rate method [29].

The predictive ability of the classification model was represented by a receiver
operating characteristic (ROC) curve. For each bootstrap PLS-DA model round, the
ROC and area under the curve (AUC) were calculated. The final ROC was obtained
by averaging all values from separate bootstrap PLS-DA rounds. The standard devi-
ation was visualized as a grey area around the ROC line.

5.3.4.3 Identification of VOCs

The identities of the discriminatory VOCs were determined by spectrum recognition
using the National Institute of Standard and Technology (NIST) library. When the
identity was not present in the NIST library, the in-house library, in which pure com-
pounds were previously recorded, was employed for identification of the compound.
In both cases, the final identity was verified by our experienced mass spectrometrist
upon spectrum interpretation.

5.3.4.4 External Validation of the findings

The validation study was used as an external independent validation of the PLS-
DA model with the subset of discriminatory VOCs derived from the discovery study.
First, the peaks of the discriminatory VOCs were identified and extracted in each
chromatogram. Two approaches were then used to assess the validity of the model:

1. Prediction of the validation study samples using the PLS-DA model built in
the discovery study. The sensitivity and specificity were then calculated as a
measure of accuracy of the classification model.

2. Creating a new PLS-DA model for the validation study with the optimized
model parameters (i.e. latent variables and discriminatory VOCs) from discov-
ery set. The model created for the discovery dataset was not used. The measure
of accuracy was assessed by means of sensitivity and specificity.

5.4 Results

The exhaled breath of each participant of one of the two studies was collected and ana-
lyzed by GC-tof-MS to produce a chromatogram that, after pre-processing, contained
430 different VOCs matched across multiple samples.

5.4.1 Participant characteristics

The characteristics of the participants in both studies are demonstrated in Table 5.1.
No significant differences in the characteristics between different groups of participants
were identified. The patient group contained a higher percentage of men (57% and
64% vs. 38% and 41% male versus female for respectively the discovery and validation
study; not significant). The distribution of the chest X-ray stages was similar in both
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cohorts. Finally, 10 smokers were included in the discovery study, whereas none were
present in the validation study.

5.4.2 Selection of discriminatory VOCs

First, the discovery study was used to find VOCs that could discriminate between
the patients and controls. Hence, a bootstrapped PLS-DA model was used to filter
these VOCs. Based on this approach, a group of 9 VOCs was identified as discrimina-
tory. The resulting classification model discriminated between patients and controls
in 79.4% 3.8 of cases, with a sensitivity and specificity of 75.4% ± 4.6 and 92.5% ±
5.0, respectively. The corresponding ROC curve had an area under the curve (AUC)
of 91.3% ± 2.7 and is depicted in Figure 5.1(a) including the overall standard de-
viation indicated by the grey area above and below the line. Figure 5.1(b) depicts
the PLS-DA scores plot and demonstrates that the control samples were clustered
together whereas the patients were more spread out. Additionally, to ensure smok-
ing behavior did not influence the selection of discriminatory VOCs, the model was
recreated after removing the 10 current smokers included in the discovery study. The
exclusion of those 10 participants reduced the predictive capacity by 2.2% due to the
lower number of samples in the model. Since these findings suggested that smoking
did not influence the model, all samples were included to achieve the highest possible
prediction.

Figure 5.1: Results of the bootstrapped PLS-DA model. (a) Averaged ROC
curve over all bootstrap iterations of discovery study. 1-specificity is depicted on the
x-axis, sensitivity on the y-axis and the area under the curve (AUC) is 91.3%. The
standard deviation of the ROC curve is given as the grey area around the black line.
(b) Score plot of the PLS-DA model built on the discovery study with 9 VOCs. Circles
= healthy controls, crosses = sarcoidosis patients. The percentages of explained
variance of Y of both latent variables (LVs) are mentioned between the brackets.

Table 5.2 shows the chemical identity of the 9 discriminatory VOCs and their
CAS number. The importance of each VOC in the model is visualized in Figure 5.2.
It also demonstrates that all VOCs except iodomethylcyclopentane were exhaled in
a lower concentration by the patients than the controls. Isoprene, 3-methylhexane
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and 2-methylpentane were the most important contributors to this model whereas
benzene was the least important VOC. The statistical significance of the individual
VOCs in the discriminatory set is indicated in Figure 5.2. Interestingly, all VOCs
except dibenzofuran and benzene were individually significant between the sarcoidosis
patients and controls.

Table 5.2: Discriminatory VOCs between sarcoidosis patients and controls.
The compound name and CAS numbers are displayed

VOC Identity CAS Number
1 Isoprene 78-79-5
2 2-methylpentane 107-83-5
3 Benzene 71-43-2
4 3-methylhexane 589-34-4
5 p-Benzoquinone 106-51-4
6 Phenol 108-95-2
7 D-limonene 5989-27-5
8 iodomethylcyclopentane 27935-87-1
9 Dibenzofuran 132-64-9

5.4.3 Internal and external validation of the discriminatory
VOCs

In order to assess the validity of the VOCs identified in the discovery study, differ-
ent types of validation were used to assess the predictive capacity of the model. We
performed two types of internal validation, namely leave-k-out cross-validation and
randomly setting aside a percentage of the data, and compared them with external
validation on a separate validation study. The external validation was done by pre-
dicting the samples of the validation study with the PLS-DA model based on the
discovery study. The prediction scores for all different validation methods are demon-
strated in figure 5.3, which demonstrates that leave-k-out cross-validation results in
an overestimated prediction and thus insufficiently reflects the actual prediction value
of the external validation. Interestingly, the prediction scores of a randomly set aside
test set did reflect the external validation score well. Additionally, increasing the
number of samples set aside for the internal validation in both methods applied did
not influence their prediction scores yet reduced the standard deviation of these pre-
dictions.

5.4.4 Indirect external validation

As can be deducted from figure 5.3, the direct prediction of the validation study by
means of PLS-DA model was not successful as the prediction was 53.7These results
indicate that a possible batch effect between the two studies was interfering with
the predictive capacity of the model. This could be due to many factors such as
instrument differences, sample location, time. Batch effect correction was attempted
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Figure 5.2: Relative importance of the 9 discriminatory VOCs in the clas-
sification model. The length of the bar indicates the relative importance of that
specific VOC. The direction of the bar (positive of negative value) indicates whether
a compound is elevated (positive value) or decreased (negative value) in the patients
compared to the controls. Statistical significance was calculated with the Wilcoxon
ranksum test, and was corrected using Benjamini and Hochbergs false discovery rate
method [29]. It is indicated in the figure in this fashion: p <0.05 *, p <0.01 **, p
<0.001 ***

using mean centering, log transformation and moving median correction [30], but
these were not sufficient (data not shown).

5.4.4.1 New model for validation study

In order to assess the validity of the 9 selected VOCs, a separate PLS-DA model was
created on the validation samples. The resulting classification model had an overall
prediction of 74.1% and a sensitivity and specificity of 68% and 79.3%, respectively.
The corresponding ROC curve had an AUC of 76.4% and is shown in Figure 5.4(a).
In Figure 5.4(b) the classification values of the samples from the validation study are
shown. A positive value indicates an allocation of the sample to the patient class,
whereas a negative value indicates an allocation of the sample to the control class.
The closer the number is to 1 or -1 the more certainty the classification model has
in predicting a sample. The results here indicate that the classification model has
low confidence in allocating the samples to sarcoidosis patients and controls groups.
Therefore, many values are centered around 0 irrespective of their class.

5.4.5 Comparison of cross-validation methods with external
validation

To demonstrate the necessity of external validation, we performed two types of in-
ternal validation on the discovery dataset, namely leave-k-out cross-validation and
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Figure 5.3: Comparison of predictions of a model on an internal or external
validation dataset. It includes the model without validation (circle), with leave-k-
out (triangle) and randomly setting aside a test set (diamond). External validation
was used as a reference (square). The ks above the triangles denote the number of
samples used for leave-k-out cross validation. The percentages above the diamonds
stand for the percentage of samples that were randomly set aside from the discovery
dataset

randomly setting aside a percentage of the data, and compared them with the exter-
nal validation performed as described above. The prediction scores for all different
validation methods are demonstrated in Figure 5.5, which clearly demonstrates that
leave-k-out cross-validation results in an overestimated prediction and thus insuffi-
ciently reflects the actual prediction value of the external validation. Interestingly,
the prediction scores of a randomly set aside test set did reflect the external vali-
dation score well. Additionally, increasing the number of samples set aside for the
internal validation in both methods applied did not influence their prediction scores
yet reduced the standard deviation of these predictions.

5.5 Discussion

The majority of exhaled breath studies focuses on identification of biomarkers to de-
tect a specific disease such as lung cancer [9], COPD [6], and asthma [31]. Although
these breath studies demonstrate promising results, a major problem is their lack
of reproducibility as they show little overlap in the selected disease-specific mark-
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Figure 5.4: ROC curve and score plot of the PLS-DA model on the val-
idation study with 9 discriminatory VOCs. (a) ROC curve of the validation
study based on the 9 selected VOCs by the PLS-DA model built on the discovery
study. The area under the curve (AUC) of the ROC curve is 76.4%. (b) Classification
values for each sample of the validation study. The PLS-DA model gives each sample
a classification value. A cut-off of 0 is generally selected where samples with negative
classification values are classified as controls, and samples with a positive value are
classified as patients. Circles = controls, crosses = patients, dashed line = cut-off.

ers [6, 7]. Similarly, in other omics fields, demands for reproducible results have been
raised in recent years after a majority of omics results could not be verified [32]. This
lack of reproducibility may be due to many factors, such as low statistical power,
poor quality control, introduction of false positives, overfitting and the absence of
external validation [33]. The inclusion of an independent external validation study
enables researchers to test if their findings are applicable to the general patient popu-
lation. Therefore, this study not only attempted to find VOCs that could discriminate
between sarcoidosis patients and controls using a discovery study, but also to subse-
quently validate those findings in an external validation dataset. This way it would
ensure that the findings were reproducible in the general sarcoidosis patient popula-
tion.

We found a set of 9 VOCs that could differentiate between 87 sarcoidosis patients
and 26 healthy controls. A validation dataset consisting of 25 patients and 29 healthy
controls was used to test the reproducibility of these 9 VOCs. To our knowledge
only one other exhaled breath study using GC-MS reported inclusion of a validation
study [34], which reported a decline in accuracy from 74% to an average of 69%
sensitivity and from 70.7% to an average of 68.2% specificity. This decline in accuracy
is similar to the ones reported in the current study. However, one important difference
between our study and the one performed by Phillips et al. is that their validation
dataset was sampled at the same hospitals as the original dataset and it is unclear
if there was a difference in time of sampling. Since they were able to project their
model onto the validation dataset, which was not the case in the current study, the
difference in setup suggests that a large amount of the variation observed in our study
is introduced by sampling at different hospitals during different time periods.
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Figure 5.5: Comparison of predictions of a model on an internal or external
validation dataset. It includes the model without validation (circle), with leave-k-
out (triangle) and randomly setting aside a test set (diamond). External validation
was used as a reference (square). The ks above the red dots denote the number of
samples used for leave-k-out cross validation. The percentages above the black dots
stand for the percentage of samples that were randomly set aside from the discovery
dataset.

Additionally, a handful meta-analyses have been performed that tried to combine
data from separate studies [6, 7]. However, they report little overlap in the identified
VOCs, which indicates that the individual studies are not reproducible. Several prob-
lems have been identified in these studies. For example, by calculating p-values for
each peak, with or without multiple testing corrections, or applying insufficient sta-
tistical validation by means of internal cross-validation methods [35, 36], the results
of these studies are not applicable to a wider patient population due to large mar-
gins of false positives or overfitting of a model [3].Research has shown that internal
cross-validation like leave-one-out and leave-k-out cross-validation overestimates the
true predictive capacity of a model [36], with leave-one-out cross-validation as one of
the most incomplete measure of predictive power. Other internal validation methods
like bootstrapping (where parts of the data are randomly set aside with replacement)
or jackknifing are more stable and give a more accurate prediction error [36]. Our
findings support the statement that leave-one-out and leave-k-out cross-validation
drastically overestimate the true performance of the classification model. Setting
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aside a random subset of individuals as an internal validation, as done previously by
Phillips et al. [34], does give a much better view of what the real prediction power
of the selected markers is, indicating that this method of internal validation is useful
and the most suitable when external validation cannot be applied. It is interesting to
note that when more samples are set aside, the standard deviation of the prediction
accuracy decreases, resulting in a model that is more certain of its predictive capac-
ity. Although setting aside a subset of individuals yields a good estimation of the
prediction error, an independent external validation at a different clinic will still be
the most reliable method to test the predictive power of the classification model and
will increase the reliability of the results [37]. These conclusions are in line with a
comparison of classification methods in breath analysis by electronic noses [38]. These
authors found in a literature review that only 7 out of 46 articles applied external
validation in an independent dataset. After re-analysis of available raw data of 4
studies they found inconsistent results. They concluded that an external validation
cohort extracted from a related population that is separated from the training cohort
by either time or place, should always be included to estimate the true diagnostic
performance [38].

Although a direct prediction of the validation samples by means of the selected set
of discriminatory 9 VOCs was not successful, a separate model performed on the vali-
dation dataset was promising yet not entirely convincing. This may arise from various
factors including the heterogeneity of the patient population, differences in sampling
locations, mechanical variation due to different GC-tof-MS machines, and procedures
used to acquire chromatograms. Inter-laboratory reproducibility has not been tackled
by the exhaled breath community, but poses a significant challenge ahead that may
contribute to the lack of overlap in identified VOCs in scientific literature. Still, in
order to apply breathomics in a clinical setting throughout the world, it is important
that exhaled breath analysis (including external validation) works in heterogeneous
patient groups across different locations and analytical platforms. Nonetheless, the
validation model of the subset of 9 VOCs yielded a prediction of 74%, suggesting that
the VOCs found in the discovery dataset do have some value. Yet, more research is
needed to properly validate these 9 VOCs.

This study has several limitations. First, the discovery dataset was imbalanced
with respect to participant numbers in the two groups, since 87 patients but only
26 controls were included. These imbalanced numbers resulted from the strategy to
including spouses as controls to minimize the influence of dietary and environmental
exposures on the measured VOC profiles. However, the majority of spouses could not
participate due to their own compromised health status. Additionally, adding other
controls that were not matched for these factors would have introduced subgroupings
in the data, further complicating the data analysis. The ADASYN method [27] was
employed to correct for the imbalance. Second, even though a new model was created
on the validation study for the 9 selected VOCs, the number of samples was too low
to definitively validate the findings. This may be due to the large heterogeneity of sar-
coidosis patients [18]. To enhance the reliability and counteract this heterogeneity, a
larger number of samples is required. Additionally, phenol was detected as a discrim-
inatory volatile even though it is always present in the Tedlar bags themselves [3941].
However, considering the fact that endogenous phenol can add to this continuous level
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and that two other members (benzene and p-benzoquinone) of the same metabolic
pathway were found, it is likely that the described benzene metabolism pathway, and
therefore phenol, does play a role [39]. Still the the discriminatory power of this par-
ticular VOCs should be treated with caution. Finally, the most important limitation
of this study is that there are several differences between the discovery and validation
datasets (location, time and GC-tof-MS machines used), making it difficult to deter-
mine why the prediction was not conclusive. From the set of discriminatory VOCs,
the majority belongs to the groups of linear and branched hydrocarbons that have
been found in breath of healthy as well as diseased individuals [10, 40]. Isoprene,
phenol and p-benzoquinone can be mostly related to endogenous processes occurring
in human body. The role of the remaining compounds remains elusive and therefore
plausible explanations for their origin cannot be offered. However, an attempt has
been made to provide the potential endogenous or exogenous source of each VOC.

5.5.1 Isoprene

Isoprene is produced in the human body as a by-product of the mevalonate pathway,
which produces cholesterol and vitamin K [41]. Second, several studies have been
performed that indicate a relationship between isoprene levels in exhaled breath and
exercise [42, 42]. Studies on lung diseases reported that decreased exhaled isoprene
levels are potentially linked to inactivity [43], making it plausible that the decreased
isoprene levels observed in sarcoidosis patients in this study are due to inactivity
associated with fatigue [13, 44]. Finally, the Streptomyces genus can produce this
VOC through the non-mevalonate pathway [45]. Streptomyces is part of the normal
lung microbiome, which may be disrupted in sarcoidosis patients [46]. It generally
causes infection in immunocompromised patients, which is also the case in sarcoidosis
[47].

5.5.2 Limonene

Limonene is a hydrocarbon that can occur as two enantiomers: D-limonene and L-
limonene [48]. The GC-tof-MS used in this study cannot distinguish between the two
enantiomers, so it is unsure which one was detected. D-limonene is the naturally
occurring limonene found in citrus-fruits whereas L-limonene is found in a variety
of trees and herbs [49]. Since D-limonene is more likely to be found in humans, we
mentioned this isomer in Table 5.2 and Figure 5.2. In this study, limonene was exhaled
in a reduced concentration by sarcoidosis patients compared to the healthy controls.
Because D- and L-limonene can be degraded by a variety of bacteria (in addition to
fungi and yeasts), an altered lung microbiome in sarcoidosis patients may result in a
reduced level of exhaled limonene.

5.5.3 Benzene, phenol and p-benzoquinone

Benzene is considered a pollutant that mainly originates from smoking and vehicle
exhausts [50], and indoor cooking, attached garages and heating [51]. When it en-
ters the body, it is metabolized into benzene oxide, which is then converted into
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benzene dihydriol or undergoes nonenzymatic rearrangement into phenol. Phenol is
then converted to hydroquinone that is subsequently converted to p-benzoquinone
and back [39].

Benzene, phenol and p-benzoquinone were all found in reduced concentrations
in patients versus healthy controls. These findings suggest that patients were ei-
ther exposed to less benzene or metabolize it more quickly into benzene dihydrodiol,
instead of phenol and subsequently p-benzoquinone. Due to sarcoidosis-associated
fatigue it is expected that the patients spend more time indoors than controls [13].
However, benzene concentrations are generally similar or higher compared to outdoor
concentrations. For instance, a ratio of 1.2 and 1.4 between indoor and outdoor ben-
zene concentrations were found in two German cities [52]. In Finland, the outdoor
benzene concentration was 1.51 g/m3, compared to 1.87 g/m3 indoors [53]. Consid-
ering this conflicting evidence, it is unclear why lower benzene in the exhaled breath
was observed in patients. It is important to note that phenol is excreted by Tedlar
bags [54–56], and therefore part of the phenol measured in the samples was due to
this exogenous source. It is unclear how much of the measured phenol was due to this
exogenous source, so the discriminatory power of phenol needs to be interpreted with
caution.

5.5.4 Branched alkanes

The branched alkanes 2-methylpentane and 3-methylhexane were both significantly
lower in concentration in patients versus healthy controls and were previously re-
ported [40]. Both VOCs are considered pollutants [57, 58]], but it is also hypothe-
sized that these compounds are produced due to alterations in oxidative stress lev-
els [59], [60]]. However, since oxidative stress is increased in sarcoidosis [61] higher
concentrations of branched alkanes were expected in the patients compared to the con-
trols. Additionally, both compounds are found in increased concentrations indoors
compared to outdoors (2-fold for 2-methylpentane and 3-fold for 3-methylhexane) [62],
suggesting that patients are exposed to higher concentrations than controls as they
would spend more time indoors due to sarcoidosis-associated fatigue [13]. It is there-
fore unclear why these branched alkanes are exhaled in lower concentrations by pa-
tients compared to controls.

5.5.5 Iodomethylcyclopentane and dibenzofuran

Dibenzofuran can be found in tobacco smoke, oils, and other environmental sources,
[63, 64] and there is no natural or environmental source of iodomethylcyclopentane.
Interestingly, iodomethylcyclopentane is the only discriminatory VOC that was ex-
haled in a higher concentration in the patients compared to the controls. Since neither
compound was found previously in exhaled breath [40], their likely source cannot be
determined at this time.

5.5.6 Conclusion

This was the first study using an external validation in another hospital and at a
different time point. A list of nine discriminatory VOCs was found in the discovery
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study. The initial results of this study are very promising but, as the results of our
validation set already indicated, may not be reproducible in other studies. In order
to achieve a reliable diagnostic breath fingerprint for sarcoidosis we encourage other
groups/researchers to validate the presented findings.

Adding an external validation dataset is highly recommended in future clinical
studies to ensure reproducibility so exhaled breath analysis can reliably be used in a
clinical setting in the future.
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Chapter 6. VOCs in headspace of microorganisms

6.1 Abstract

The identification of specific volatile organic compounds (VOCs) produced by mi-
croorganisms may assist in developing a fast and accurate methodology for the deter-
mination of pulmonary bacterial infections in exhaled air. As a first step, pulmonary
bacteria were cultured and their headspace analyzed for the total amount of excreted
VOCs to select those compounds which are exclusively associated with specific mi-
croorganisms. Development of a rapid, noninvasive methodology for identification of
bacterial species may improve diagnostics and antibiotic therapy, ultimately leading
to controlling the antibiotic resistance problem.

Two hundred bacterial headspace samples from four different microorganisms (Es-
cherichia coli, Pseudomonas aeruginosa, Staphylococcus aureus and Klebsiella pneu-
moniae) were analyzed by gas chromatographymass spectrometry to detect a wide ar-
ray of VOCs. Statistical analysis of these volatiles enabled the characterization of spe-
cific VOC profiles indicative for each microorganism. Differences in VOC abundance
between the bacterial types were determined using ANalysis of VAriance-principal
component analysis (ANOVA-PCA). These differences were visualized with PCA.
Cross validation was applied to validate the results.

We identified a large number of different compounds in the various headspaces,
thus demonstrating a highly significant difference in VOC occurrence of bacterial cul-
tures compared to the medium and between the cultures themselves. Additionally, a
separation between a methicillin-resistant and a methicillin-sensitive isolate of S. au-
reus could be made due to significant differences between compounds. ANOVA-PCA
analysis showed that 25 VOCs were differently profiled across the various microor-
ganisms, whereas a PCA score plot enabled the visualization of these clear differences
between the bacterial types.

We demonstrated that identification of the studied microorganisms, including an
antibiotic susceptible and resistant S. aureus substrain, is possible based on a selected
number of compounds measured in the headspace of these cultures. These in vitro
results may translate into a breath analysis approach that has the potential to be
used as a diagnostic tool in medical microbiology.

6.2 Introduction

The occurrence of detrimental respiratory tract infections embodies a great burden
not only for patients and their health but also for the economy [1]. One of the
most significant respiratory infections is pneumonia, a major health care problem
affecting millions of individuals worldwide each year. Frequently underdiagnosed and
undertreated pneumonia can promote development of multi-drug resistant bacteria.
Respiratory tract infections are prevalent diseases in individuals older than 65 years
of age, patients with impaired immune systems and chronically ill patients.

These infections, whether community- or hospital-acquired pneumonia (CAP ver-
sus HAP), can be life-threatening especially since the selection of antibiotic resis-
tant pathogens is a growing concern due to the obvious necessity of antibiotic treat-
ment [2, 3]. Together, this translates into significant health care costs which are
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expected to grow with an ever ageing population. Particularly, the HAP ventilator-
associated pneumonia (VAP) is associated with high morbidity and mortality as well
as with prolonged mechanical ventilation and length of stay in the intensive care unit
(ICU) [3, 4].

On average, 20% of all patients receiving ventilation longer than 48 h will develop
VAP, which makes this disease the most common nosocomial infection in ICU patients
[5–8]. Other important respiratory microbial infections are those implicated in the
sudden worsening of symptoms, also referred to as acute exacerbations, in various lung
diseases including chronic obstructive pulmonary disease (COPD) and cystic fibrosis
(CF). These exacerbations are associated with increased morbidity and mortality and
will thus lead to a decreased quality of life [1, 3, 9, 10]. Although the exact cause of
acute exacerbations is still unknown, risk factors include age, gender, lung function
and a history of previous exacerbations [1, 10]. Moreover, they are associated with
pulmonary and systemic inflammations due to a change of the pulmonary microbial
imbalance [11, 12]. In general, the treatment of serious microbial infections demands
immediate and specific medication, but often consists of broad-spectrum antibiotics
mainly because the exact pathogenic cause is unknown.

Consequently, there is an urgent need for rapid diagnostic tests that can identify
the pathogen(s) present. The development of such a test is of special importance since
current diagnostics, aside from clinical criteria such as lung function, include sputum
induction or bronchoscopy accompanied by sampling broncho-alveolar lavage fluid for
quantitative laboratory microbiological analysis [13–15].

Although such an analysis can indeed more accurately detect the microbial cause,
its usefulness is hampered by its invasiveness but mostly by the long duration of more
than 48 h before results become available. Therefore, the development of rapid di-
agnostic tests to directly confirm the presence of a pathogen and to start accurate
antimicrobial therapy is mandatory. Moreover, such a swift test can potentially im-
prove clinical outcome allowing the selection of appropriate antimicrobial treatment
for specific pathogens or by avoiding useless antibacterial treatment in the case of
viral infection.

Quantitative and qualitative analysis of volatile organic compounds (VOCs) se-
creted by microbes responsible for pulmonary infections might provide a basis for
early microbial identification in exhaled air. Analysis of exhaled air has the poten-
tial to revolutionize the diagnosis and treatment of bacterial infections since they are
accompanied by a distinct smell which corresponds to certain VOCs [16]. VOCs are
mainly released by microorganisms as metabolic products during growth, but also as
secondary metabolites for protection against antagonists and competitors, or as signal-
ing molecules for intercellular communication. Recent studies revealed the usefulness
of single VOC analysis in evaluating bacterial growth in vitro [17–19]. However, a
single VOC is not necessarily produced by one bacterium, thus hindering the ability to
distinguish between specific species or strains. Therefore, well-defined combinations
of 520 VOCs may provide higher discriminative power yielding volatile profiles with
superior accuracies.

Exhaled air encompasses thousands of compounds (the volatome) and we have de-
veloped sophisticated computer data analysis tools for pipeline multivariate analysis
in order to select discriminating VOC profiles of human breath. Using this approach,
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we have already successfully identified VOC-based biomarker profiles for the moni-
toring of inflammatory diseases of the intestines, liver and lungs [20–24].

The objective of this study was to analyze the volatome excreted by various micro-
bial cultures using gas chromatography time-of-flight mass spectrometry (GC-tof-MS)
and to determine which VOC profiles might enable rapid and easy identification of
these cultures. We present a sampling and analysis methodology that is capable of
identifying significantly different VOCs between diverse microbial cultures. Addi-
tionally, we report the successful use of ANalysis of VAriance-principal component
analysis (ANOVA-PCA) to examine, and PCA to visualize, the classification of spe-
cific cultures with a high degree of accuracy.

6.3 Materials and Methods

6.3.1 Samples

Four different bacterial species were selected for this study: Escherichia coli (E. coli,
ATCC 25922 and 35218), Pseudomonas aeruginosa (P. aeruginosa, ATCC 27853 and
a clinical isolate), Staphylococcus aureus (S. aureus, clinical isolate) and Klebsiella
pneumoniae (K. pneumonia, ATCC 700683). For S. aureus, two different strains,
methicillin-resistant S. aureus (MRSA, clinical isolate) and methicillin-sensitive S.
aureus (MSSA, clinical isolate), were also included. The methicillin resistance of
both isolates was tested phenotypically and genotypically. The phenotype testing
included determination of the minimum inhibitory concentration of methicillin. The
genotype was tested by analyzing the presence of mec A (the gene responsible for
methicillin resistance) as well as by performing multi-locus sequence typing and S.
aureus protein A typing (Spa typing) to determine whether the two substrains were
related.

For each microorganism, as well as for the two substrains of S. aureus, the
headspace air of 40 cultures in total was collected and analyzed. For the microorgan-
isms of which two sources were used (i.e. E. coli, P. aeruginosa and S. aureus), 20
replicates of each source were performed.

In order to achieve the highest degree of methodological standardization, 40 flasks
containing only medium underwent the same procedure as the control samples. At
the time of VOC sampling, the average CFU/ml was 109/ml for each genus.

6.3.2 Sample collection and analysis

Bacteria (obtained from ATCC) were grown on blood agar plates and incubated
overnight at 37 ◦C. Next, bacteria were transferred into 4.5 ml sterile Brain Heart
Infusion broth (CM0225 Oxoid) and grown for 4 h with constant agitation at 37 ◦C.
Subsequently, 0.5 ml of the culture was transferred into 100 ml sterile MuellerHinton
broth (CM405 Oxoid) in 1 litre culture flasks. After overnight incubation at 37 ◦C,
the culture flasks were flushed for 15 min with a total of 3000 ml high-grade nitrogen
connected to the inlet of a custom-made flask cap, designed to transport the contents
of the headspace of the cultures under standardized conditions onto stainless steel
two-bed sorption tubes connected to the outlet of the flask cap. The custom-made
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flask cap was designed to minimize air contamination on opening and connecting the
flasks.

The used desorption tubes were packed with carbograph 1TD/Carbopack X
(Markes International, Llantrisant, Wales, UK) that trap VOCs. For the analyses, the
desorption tubes were placed inside a thermal desorption unit (Marks Unity desorp-
tion unit, Markes International) and subsequently heated to 270 ◦C in order to release
all VOCs onto the gas chromatography capillary column (RTX-5ms, 30 m x 0.25 mm
5% diphenyl, 95% dimethylsiloxane capillary, film thickness 1.0 µm). The desorption
unit is highly suitable for repeated, quantitative and reproducible measurements.

VOCs were separated by GC (ThermoFisher Scientific, Austin, TX, USA) and
subsequently detected by a time-of-flight mass spectrometer (tof-MS) (Thermo Elec-
tron Tempus Plus time-of-flight mass spectrometer, ThermoFisher Scientific, Austin,
TX, USA). The temperature of the gas chromatograph was programmed as follows:
40 ◦C for 5 min, then raised by 10 ◦C min-1 up to the final temperature of 270 ◦C.
This temperature was maintained for 5 min. Electron ionization at 70 eV was used
combined with a 5 Hz scanning rate over a mass range of m/z 35350 amu.

An example of a bacterial headspace gas chromatogram is shown in Figure 6.1.
Each peak represents a compound and the area underneath the peak is related to the
occurrence of the compound concerned.

Now it has a line above figure saying where it was downloaded from.

6.3.3 Data pre-processing

Before multivariate analysis, pre-processing of the raw GC-tof-MS was performed.
First, the start and end of each chromatogram (retention time <1.3 or >23 min re-
spectively) were removed because of their noisy nature and the possible influence of
column bleeding. The next data pre-processing step consisted of noise removal and
baseline correction. De-noising was performed by means of wavelets [25], while the
baseline was corrected using P-splines [26]. The shift in the peaks was eliminated by
piecewise alignment method correlation optimized warping [27]. Subsequently, the
chromatograms of each sample were merged by combining the corresponding com-
pounds based on retention time and similarities in mass spectra (based on correla-
tion).

To make all chromatograms comparable, the final step of pre-processing involved
probabilistic quotient normalization after which the data were scaled using multivari-
ate L1-median. In the headspace of the 240 samples, a total of 2465 compounds were
detected by GC-tof-MS.

Since not all volatiles were present in all samples, the obtained data set contained
a lot of zeros that did not provide important information regarding the origin of the
samples. Consequently, in order to obtain a data set that is focused on only those
compounds that convey information, the so-called 20% rule was applied [28]. This
applied cutoff point was established in our previous studies and is currently used as
the standard procedure. In short, this rule states that only variables that are nonzero
for at least 20% of all samples in at least one of the experimental groups are used.
After applying this rule, our data set consisted of 723 VOCs that were analyzed using
multivariate analysis.
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Figure 6.1: Average chromatograms obtained with GC-tof-MS for the control setup
as well as for the four bacterial strains. ctr = medium only; PA = P. aeruginosa; EC
= E. coli ; SA = S. aureus; KP = K. pneumoniae.

Increasing the cutoff point decreased the number of VOCs in the final dataset, but
this did not change the outcome of our analysis as the selected (significant) compounds
were all present in at least 85% of the samples.

6.3.4 Multivariate data analysis

Multivariate analysis was used to extract relevant information from the numerically
complex GC-tof-MS data. Since these data contain thousands of irrelevant and/or
redundant compounds and the existence of a co-linearity between measured com-
pounds, we performed variable (compound) selection that allowed picking the subset
of best predictors. Compounds differently excreted across the various bacteria were
selected based on a robust version of ANOVA-PCA [29, 30]. This supervised method
is a combination of ANOVA and PCA.

ANOVA divides the overall variance in the data into the variance of the effect of
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interest (i.e. different bacteria groups) and of other irrelevant sources (e.g. medium
effect). In this ANOVA part, the total variance is split into main effects and interac-
tion effect. In this study, the main factors are the VOCs effect (V ) and the different
bacteria plus medium (B). In the ANOVA model, the measured head space data Xijk
are assumed to be a result of the added effects of factors VOCs (V ) and the bacteria
(B) over VOC i, bacteria j and culture k. For head space data, the ANOVA model
is given in equation 6.1 and is assumed to be the additive result of the general mean
(µ), main effects and their interactions:

Xijk = µ+ Vi +Bj + V Bij + eijk (6.1)

The interaction effect (V Bij) is of the most interest in this study as it reflects
which VOCs are differentially profiled across various bacteria and medium when all
othereffects are averaged out. Next, PCA is performed on the matrix of interaction
effects V Bik [31] to identify VOCs that significantly change between various bacteria
and medium.

If the bacterium (j) consumes or produces the compound (i), the interaction ef-
fect VBik is significantly different from zero and this indicates the intensity of the
compound, i.e. its relative amount is affected.

In order to obtain statistically significant VOCs, the Hotelling T2 distribution
(which corresponds to the multivariate t-test) was used. The compounds of which the
concentration is affected by the microorganism present are expected to have a p-value
smaller than or equal to 0.05. In order to visualize the differences between the VOCs
present in the headspace of the various bacteria, PCA analysis was applied on the
headspace data containing only relevant VOCs. The summary of all bacteria-related
VOCs and their relationship is represented in a PCA score plot, whereas the relative
abundance of the relevant VOCs in the headspace of the various bacteria strains is
depicted in a PCA bi-plot. A detailed description of the features of a PCA score plot
and a bi-plot was given previously [28]. Since MSSA and MRSA are biologically closely
related, we used partial least-square discriminant analysis with cross model validation
(PLS-DA CMV) to find compounds differently profiled in the headspace of these
two strains [32]. In this method, nested cross validation is included in the variable
selection procedure, meaning that the classification model will be built on a training
set and validated on a test set. This approach enables removing irrelevant compounds,
thereby optimizing the PLS-DA model for accurate classification of MSSA and MRSA.
In our study, we have used the CMV approach presented in Gidskehaug et al and all
MATLAB routines for performing variable selection described in this study [33].

6.4 Results

The first step of the data analysis was creating average chromatograms for all four
microorganisms and the medium control in order to visually examine whether clear
differences could be observed in the pattern of VOCs. These average chromatograms
are depicted in figure 6.1 and clearly show that each tested condition resulted in a
distinct peak pattern, suggesting that different VOCs are present in the headspace
air of the various bacteria.
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Next, the data matrix containing 240 samples and 723 VOCs was analyzed using
ANOVA-PCA to select the significant compounds affected by the presence of the
various microorganisms in comparison to the medium control and each other. This
approach resulted in the selection of 25 significantly different VOCs with p-values
<0.05. These VOCs were putatively chemically identified based on the NIST library
and the analysis of the retention time and the mass spectrum by an experienced mass-
spectrometrist Table 6.1. Their relationship toward the various microorganisms or
control setting, and thus their contribution to an adequate identification of a sample,
is also depicted in this table.

Table 6.1: The 20 chemically identified VOCs of the overall 25 discriminating
volatiles used to correctly classify the four bacterial strains tested. The reported
change in abundance is with respect to the remaining groups. ctr = medium only;
PA = P. aeruginosa; EC = E. coli ; SA = S. aureus; KP = K. pneumoniae.

Nr. Name of compound Abundance
1 Acetone ↑ SA
2 Isoprene ↑ EC, KP and PA
3 1-propanol ↑ EC and KP
4 3-methylbutanal ↓ EC, KP, PA and SA
5 2-methylbutanal ↓ EC, KP, PA and SA
6 4-methylcyclohexene ↑ KP
7 Dimethyl disulfide ↑ SA
8 2,3,3-trimethylpentane ↓ EC, KP, PA and SA
9 Benzaldehyde ↓ EC, KP, PA and SA
10 1-undecene ↑ PA
11 2-pentene ↑ PA
12 Acetic acid ↑ EC
13 2,3-butanedione ↓ EC, KP, PA and SA
14 2-butanone ↑ PA and KP
15 1,1,2,2-tetrachloroethane ↑ SA
16 N-propylacetate ↑ EC
17 2-heptanone ↑ PA and EC
18 Dimethyltrisulfide ↑ SA
19 2-nonanone ↑ PA
20 Indole ↑ EC
21 3-methylheptane ↑ EC
22 1-methyl-4-(1-methylethenyl)cyclohexane ↓ EC, KP, PA and SA
23 3-methylcyclohexene ↑ KP
24 Branched C14H30 ↑ KP
25 Branched C14H30 ↑ KP

Visualization of the observed discriminating VOCs was performed with a PCA
score plot resulting from a separate PCA analysis using only these 25 selected com-
pounds (Figure 6.2). This plot clearly shows that the medium control and the four
different microorganisms could be well separated along three first principal compo-
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nents, explaining 26.5% of the total variance. The medium control group is well
separated from the four different bacteria, although a few points seem to be out-
liers as they share some similarities with the P. aeruginosa samples. The headspace
air samples of S. aureus and K. pneumoniae produce very dense and compact data
clouds, revealing small variations within these two groups. The samples correspond-
ing to the other two bacteria, i.e. E. coli and P. aeruginosa, are somewhat more
spread, which is indicative of more variation.

Interestingly, the main variation in the data (accounting for 12% of the total vari-
ance) corresponds to a complete separation of P. aeruginosa and E. coli from S.
aureus and K. pneumoniae. This separation along PC1 indicates that the VOCs se-
creted or absorbed by P. aeruginosa share similarities with those secreted or absorbed
by E. coli but are different from those present in the headspace air of the other two
bacteria tested. Similarly, S. aureus and K. pneumoniae display comparable charac-
teristics in their present VOCs and are at the same time distinct from those present
in the headspace of the other two microorganisms.

Figure 6.2: PCA score plot based on the 25 VOCs selected via ANOVA-PCA. As
each point represents a single bacterium, this plot provides a summary of all bacteria
and shows how they are related to each other. Hence, the points that are close to
each other have a similar profile, while objects that lie far away from each other are
characterized by different properties. ctr = medium only; PA = P. aeruginosa; EC
= E. coli ; SA = S. aureus; KP = K. pneumoniae.

As can be seen in the average chromatograms of the S. aureus substrains, the
MSSA and the MRSA, the VOC profiles present in these headspace air samples were
quite similar (Figure 6.3). However, some very differently secreted or absorbed VOCs
could also be found between the two sample sets.

PLS-DA CMV was used to find differentially profiled VOCs. The final PLS-DA
model was built using only two latent variables. This simple classification model
allowed correct prediction of 81% of the independent test samples of both S. aureus
strains. In total, 87 VOCs were selected as discriminatory within the applied PLS-
DA CMV procedure. The eight most distinct and descriptive volatiles were visualized
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using a PCA bi-plot (Figure 6.4(a)).

Figure 6.3: Average chromatograms obtained with GC-tof-MS for the methicillin
-sensitive and methicillin-resistant strains of S. aureus. MSSA = methicillin -sensitive
S. aureus; MRSA = methicillin-resistant S. aureus

Within this plot, the dashed lines indicate the changes in the relative concentra-
tions of the corresponding compounds. As can be deducted from figure 6.4(a), the
MSSA samples display far more variation than the MRSA samples although most of
the variation can be explained by only a few outliers. Moreover, seven of the eight
discriminating VOCs show increased levels in the MRSA samples, suggesting that
they are specifically produced by this S. aureus substrain. The only volatile that is
increased in the MSSA samples and of which the presence is thus positively indicative
of this subclass is 1,1,2,2-tetrachloroethane (figure 6.4(b)). Additionally, the angle
between these dashed lines in the bi-plot represents the similarity between the com-
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Figure 6.4: Panel (a) Bi-plot of PCA analysis performed on the significant VOCs
excreted in the headspace air of MSSA (methicillin-sensitive S. aureus) and MRSA
(methicillin-resistant S. aureus). Every point corresponds to a single measurement
and the lines to the eight most important VOCs. The angle between compounds
mirrors their correlation, i.e. a small angle means the compounds are positively
correlated (i.e. their relative abundance changes the same way). Additionally, the
abundance of a compound is elevated if the sign of a new coordinate (i.e. PCs) for
samples and compound is the same (i.e. either both positive and both negative).
Panels (b)(d) Boxplots of three exemplary VOCs (i.e. 1,1,2,2-tetrachloroethane, 2-
heptanone and 1,4-dichlorobenzene) that are significantly different excreted in the
headspace air of MSSA and MRSA.

pounds. In other words, the smaller the angle between two compounds, the larger the
correlation between them. For instance, the angle between the volatiles 2-heptanone
and 1,4-dichlorobenzene is very small, indicating that their presence will be influenced
in the same way and thus show similar trends for both groups. Indeed, their levels
are both elevated in MRSA and around zero in MSSA as is shown in figures 6.4(c)
and (d). The very large angle between these two compounds and for instance 1,1,2,2-
tetrachloroethane implies that their concentrations will be affected in opposite ways
as can indeed also be deduced from their boxplots (figures 6.4(b)(d)).

6.5 Discussion

All organisms generate general and specific VOCs as part of their normal metabolism
and therefore sometimes can be distinguished based on a distinct smell in vivo as well

153



Chapter 6. VOCs in headspace of microorganisms

Figure 6.4: (Continued.)
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as in vitro [34–36]. For microorganisms, it is known that they produce a variety of
VOCs due to their metabolic and oxidative actions.

A recent systemic overview of the distinct VOCs produced by a selection of
pathogenic microorganisms [38] suggests that the majority of microbial volatiles can
be divided into the following groups: (1) hydrocarbons produced via the methylery-
thritol phosphate pathway or β-oxidation of fatty acids, (2) alcohols produced through
the oxidation of fatty acids, (3) acids due to anaerobic metabolism, (4) aldehydes de-
rived from oxidative metabolism, (5) ketones produced during decarboxylation of fatty
acid derivatives, (6) cyclic compounds of which the biological origin remains largely
unknown, (7) esters as a result of esterification between acetic acid and alcohols, (8)
S-containing compounds mostly of unknown origin and (9) N-containing compounds
resulting from amino acid breakdown [37–39].

On an individual level, various VOCs are already identified to be specific for
bacterial microorganisms and an overview of these volatiles has recently been reviewed
by Bos et al [37]. It has been reported that S. aureus cultures are characterized by
dimethyl sulfide, isovaleric acid, 2-methyl-2-butanal and ammonia [17, 37, 40] and P.
aeruginosa cultures by 1-undecene, 2,4-dimethyl-1-heptane, 2-butanone, 4-methyl-
quinazoline, methyl thiocyanide, dodecane and hydrogen cyanide [37, 38, 40–43].

Additionally, increased production of indole [43, 44] and octan-1-ol, and ethanol
[43] has been reported for E. coli, whereas K. pneumoniae cultures are known to
produce 3-hydroxy-2-butanone and 1-hydroxy-2-propanone [45]. Interestingly, some
volatiles are not specifically produced by one pathogen but are shared by different
species of bacteria.

For instance, the volatiles 2-pentanone, formaldehyde, methyl mercaptan and
trimethylamine are produced by all clinically relevant pathogens studied thus far but
not by humans, and can serve as a biomarker for their presence [37]. Additionally,
hexanal is not only produced by S. aureus but also by S. pneumoniae [46]. Another
example is the volatile dimethylsulfide which is produced by almost all gram negative
bacterial species including E. coli, K. pneumoniae and P. aeruginosa [37, 42, 43].

The overlapping production of VOCs by various bacteria suggests that a single
VOC does not have enough discriminating power to separate specific strains of micro-
organisms. Therefore, we believe that VOC profiles consisting of a unique and distinct
combination of volatiles are required to discriminate between microbes. Interestingly,
the usefulness of VOC profiles in differentiating bacterial monocultures grown in vitro
has recently been shown [44].

In this study, we used GC-tof-MS for the headspace analysis of cultures from
four different bacterial species, K. pneumoniae, P. aeruginosa, S. aureus and E.
coli, as well from a methicillin-resistant and -sensitive S. aureus (MRSA versus
MMSA). The first three microorganisms were specifically chosen as they are among
the most frequent reported causes of pulmonary infections and exacerbations occur-
ring in various lung diseases including ventilator-associated pneumonia, COPD and
CF [6, 8, 10, 12, 47–49]. Additionally, E. coli was chosen since this gram-negative
bacterium is a known inducer of both HAP and VAP and is currently reported to
be often as responsible for ICU infections as P. aeruginosa [50]. Indeed, it is clin-
ically important, but until now also difficult, to quickly and correctly distinguish
these two microorganisms from each other. As depicted in figure 6.2, the four se-
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lected microorganisms could be well distinguished from the medium control as well
as from each other. This discrimination was based on 25 specific VOCs and their
putative chemical identification is shown in table 6.1. Interestingly, seven of these
discriminative volatiles appeared to be lower or even absent in the air above bacterial
cultures compared with control headspace samples, indicating that these compounds
are potentially metabolized or taken up by the bacteria.

The fact that the other discriminative volatiles were more abundant in the
headspace of specific microbial air samples suggests that these VOCs are due to the
formation of metabolic products by the bacteria. The overall observed differences in
VOC changes further underline the finding of others that metabolic changes lead to
the altered excretion of VOCs and that various individual volatiles can be assigned
to certain bacterial species [38, 39, 51].

Table 6.1 demonstrates that most discriminative VOCs belong to four of the classes
of volatiles reported to be differentially produced by various bacteria, namely long
chain hydrocarbons (n = 7), ketones (n = 5), cyclic compounds (n = 3) and aldehydes
(n = 3).

Most discriminative VOCs are hydrocarbons, volatiles presumably derived from
the oxidation of fatty acids, a process known as lipid peroxidation. These hydrocar-
bons include isoprene, 4-methylcyclohexene, 3-methylheptane, 2-pentene, 1-undecene
and both C14H30 isomers. This finding is in accordance with the literature, as it
has already been reported that bacteria excrete volatiles associated with lipid per-
oxidation [16]. In contrast to the majority of observed hydrocarbons and to our
expectations, the hydrocarbon 2,3,3-trimethylpentane is actually decreased in the
headspace of all bacteria. Additional research is needed to confirm this finding and
understand its full meaning. From the observed ketones, known to be produced dur-
ing decarboxylation of fatty acids, 2,3-butanedione is surprisingly decreased in the
headspace air of all bacteria. The ketones 2-butanone, 2-heptanone and 2-nonanone
are increased in the headspace of P. aeruginosa cultures in accordance to previous
findings [39, 42, 52, 53]. The last VOC of this group, acetone, was present in ele-
vated levels in the headspace air of S. aureus and this finding is also in accordance
with the literature [44, 54]. The selected cyclic compounds 4-methylcyclohexene and
3-methylcyclohexene are specifically and solely excreted by K. pneumoniae, indicat-
ing that these VOCs are very specific for this microorganism. To our knowledge, we
are the first to couple these specific compounds to this bacterium. Interestingly, the
other cyclic compound, 1-methyl-4-(1-methylethenyl)cyclohexane, was decreased in
the headspace air of all bacteria, suggesting that this volatile was either absorbed
or potentially metabolized by the microorganisms. Finally, the distinct aldehydes
2-methylbutanal, 3-methylbutanal and benzaldehyde are all significantly decreased in
the headspace air of the four tested bacteria.

Although this finding appears striking due to the fact that the excretion of alde-
hydes is reported to be related to oxidative metabolism and lipid peroxidation [37],
there are already some studies showing decreased levels of aldehydes including 2-
methylbutanal in the air excreted by E. coli, P. aeruginosa and K. pneumoniae
[17, 44, 55]. The remaining seven discriminating VOCs are equally distributed over
the other classes and more specific for individual bacteria. The alcohol propanol is
present in increased amounts in samples of both E. coli and K. pneumoniae and thus
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already displays more discriminative power than those volatiles present in almost all
bacterial headspace air samples.

Additionally, some volatiles reported in the literature to be unique for a microor-
ganism are also observed to be significantly changed in the headspace air of our
samples. For instance, the S-containing compounds dimethylsulfide and dimethyl-
trisulfide are distinctly increased in S. aureus headspace, whereas indole, reported
to be a metabolic byproduct of E. coli, is present as the most significantly different
compound in the E. coli samples [17, 37, 44]. Interestingly, also N-propylacetate and
acetic acid are specifically present in E. coli samples as reported previously [56–58].

Finally, our study is the first to reveal that S. aureus cultures are also capable of
producing chlorine-containing compounds of which 1,1,2,2-tetrachloro- ethane is the
most distinct for this microorganism. With regard to the two S. aureus strains, the
number of significantly different VOCs between them was lower than those demon-
strating significant differences between the various microorganisms. This finding indi-
cates that the VOC profiles of these two different strains of one microorganism display
more similarity than those obtained from different microbial species.

Nevertheless, it is still possible to correctly distinguish the antibiotic- sensitive and
-resistant strain based solely on their excreted VOC profiles. Among the eight most
discriminating volatiles used to separate MSSA from MRSA, two chlorine-containing
compounds are observed, namely trichloroacetic acid and 1,4-dichloroacetic acid. This
finding is of special interest as the combined group of all S. aureus substrain cultures
together has also been shown to produce a chlorine-containing compound as the most
distinct volatile. Further research has to elucidate the origin and importance of these
compounds in S. aureus cultures.

The micro-organisms described in this study were not grown in different types of
(commercial) media even though it can be anticipated that the excreted VOC profile
will be influenced hereby. However, we chose not to test different media in this stage
of the research in order to achieve a high degree of standardization by employing a
robust methodology that was not influenced by too many confounding factors. In
our opinion, our chemical analysis, data handling and accurate data mining thus
provide a highly reproducible methodology [23]. In the present study, this approach
has resulted in a more homogeneous database of detected VOCs, thereby increasing
the power of our statistical analysis to extract those VOCs that actually discriminate
between different micro-organisms. Upon putatively identifying these specific VOCs,
the next step of our research will include analyzing the effect of different confounders
on the observed discriminating compounds. These factors include (1) different culture
media, (2) the presence of more than one specific micro-organism and (3) the effect
of different antibiotics. With respect to the first point, recent encouraging reports
indicate that many VOCs emitted by S. aureus, E. coli and P. aeruginosa in various
culture media are identical, suggesting that micro-organisms indeed emit such strain-
specific and medium-independent VOCs when grown in rich culture media under
anaerobic conditions [59–61].

The second point has briefly been addressed in a recent study by mixing S. aureus
and P. aeruginosa in different proportions [60]. The results reported show that VOCs
excreted by such a mixture not only allow the identification of the specific pathogens
present but also reflect the proportion of each of them due to their ratios [60]. Finally,
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regarding the last point, it has recently been proven that co-incubating specific micro-
organisms with antibiotics indeed results in altered VOC production, confirming that
the analysis of exhaled air might also be useful for the determination of antibiotic
susceptibility [17, 62]. Our encouraging results regarding the separation between
MSSA and MRSA samples further underline that VOC profiles might differ depending
on the microbial sensitivity toward antibiotics.

Taken together, identifying unique combinations of discriminating VOCs under
variable conditions is the next step forward toward designing and testing VOC profiles
capable of identifying specific microorganisms in primary patient samples. As a first
step in this in vitroin vivo translation, our group has recently shown that the presence
of P. aeruginosa cultures in the sputum of CF patients can correctly be classified
using 14 distinct VOCs [63]. Putative chemical identification of these discriminating
volatiles is warranted in order to compare them with the observed in vitro VOC profile
of P. aeruginosa to check whether bacterial VOCs measured under anaerobic culturing
conditions indeed reflect the VOCs relevant in vivo in human diseases. However, the
limited number of samples in this study would make such a comparison too premature.

Until now, only a few studies have tried to compare in vitro and in vivo breath-
omics data and these comparisons have not yet included putatively chemically identi-
fied VOCs. Instead, only specific volatiles such as 2-amino- acetophenone [64] and hy-
drogen cyanide [65] or total fingerprints (i.e. peak numbers) have been compared [66].
The fact that GC-MS does not enable real-time measurements could be regarded as
a disadvantage of our methodology. However, it should be noted that if continuous
on-line monitoring is not required, the disadvantage of not measuring in vivo is easily
overcome by loading the samples onto desorption tubes that trap and stabilize VOCs
for at least one year. Measuring a stored sample only takes roughly 30 min, indicating
that rapid analysis is still possible as long as the apparatus and required algorithms
are available on site. To identify a bacterial infection at the ICU even more quickly,
the continuous presence of a big, expensive real-time instrument as well as an ex-
perienced technician and statistician would be required on every ICU. Additionally,
the disadvantage of not measuring real-time can even be turned into an advantage
when applied for scientific studies instead of diagnostics. After all, off-line sampling
and storage on desorption tubes implicates that samples from various locations, col-
lected over a long time, can be measured by one instrument in a short time, thereby
eliminating a good deal of instrumental variation.

In this study we sampled all cultures at the same time point (i.e. after the ad-
dition of the cultures to the medium) and only performed one measurement on each
sample. An alternative to GC-MS would be the use of proton transfer reaction mass
spectrometry (PTR-MS) that does support continuous measurements. However, this
methodology is not able to detect compounds with low proton affinity, such as simple
hydrocarbons, and is also not suited to identify compounds with a high degree of accu-
racy since PTR-MS cannot differentiate between compounds with the same molecular
weight and does not provide identification by means of mass spectra [36, 62]. On top
of that, fragmentation and clustering of product ions further complicate the quali-
tative interpretation of the mass spectra and require detailed correlation analyses of
the observed signals in PTR-MS [56]. Since our aim was to map and identify the
discriminating VOCs from headspace with a high degree of accuracy, GC-MS was the
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most suitable methodology.
In conclusion, this study demonstrates the ability to identify specific microorgan-

isms based on only a limited amount of compounds measured in the headspace of
these cultures. Such a selection and identification of interesting VOCs is the first
step toward developing and optimizing diagnostic tools that specifically detect the
presence of microorganisms directly in breath samples from patients in a fast, sensi-
tive, non-invasive and cost-effective way. Until such dedicated sensor-based detectors
are developed, however, the presented GC-MS methodology is already of great value
since the analyses are fast and results can thus be obtained within a short time. Ad-
ditionally, the present method is very cost-effective and demonstrates a high degree
of sensitivity and specificity.
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Chapter 7. In vitro VOC excretion after genotoxic exposure

7.1 Abstract

Genotoxic carcinogens significantly damage cells and tissues by targeting macro-
molecules such as proteins and DNA, but their mechanisms of action and effects
on human health are diverse. Consequently, determining the amount of exposure to
a carcinogen and its cellular effects is essential, yet difficult.

The aim of this manuscript was to investigate the potential of detecting alterations
in Volatile Organic Compounds (VOCs) profiles in the in vitro headspace of pul-
monary cells after exposure to the genotoxic carcinogens cisplatin and benzo[a]pyrene.
Both carcinogens were added to the cell medium for 24 hours. The headspace in
the culture flask was sampled to measure the VOC content using gas chromatog-
raphy time of flight mass spectrometry. Eight cisplatin-specific VOCs and six
benzo[a]pyrene-specific VOCs were discriminatory between treated and non-treated
cells. Since the in vivo biological effects of both genotoxic compounds are well-defined,
the origin of the identified VOCs could potentially be traced back to common cellular
processes including cell cycle pathways, DNA damage and repair. These results have
proven that exposing lung cells to genotoxins alters headspace VOC profiles, suggest-
ing that it might be possible to monitor VOC changes in vivo to study drug efficacy or
exposure to different pollutants. In conclusion, this study emphasizes the innovative
potential of in vitro VOCs experiments to determine their in vivo applicability and
discover their endogenous origin. Genotoxic carcinogens significantly damage cells
and tissues by targeting macromolecules such as proteins and DNA, but their mech-
anisms of action and effects on human health are diverse. Consequently, determining
the amount of exposure to a carcinogen and its cellular effects is essential, yet difficult.
The aim of this manuscript was to investigate the potential of detecting alterations in
Volatile Organic Compounds (VOCs) profiles in the in vitro headspace of pulmonary
cells after exposure to the genotoxic carcinogens cisplatin and benzo[a]pyrene. Both
carcinogens were added to the cell medium for 24 hours. The headspace in the cul-
ture flask was sampled to measure the VOC content using gas chromatography time
of flight mass spectrometry. Eight cisplatin-specific VOCs and six benzo[a]pyrene-
specific VOCs were discriminatory between treated and non-treated cells. Since the
in vivo biological effects of both genotoxic compounds are well-defined, the origin of
the identified VOCs could potentially be traced back to common cellular processes
including cell cycle pathways, DNA damage and repair.

These results have proven that exposing lung cells to genotoxins alters headspace
VOC profiles, suggesting that it might be possible to monitor VOC changes in vivo
to study drug efficacy or exposure to different pollutants. In conclusion, this study
emphasizes the innovative potential of in vitro VOCs experiments to determine their
in vivo applicability and discover their endogenous origin.

7.2 Introduction

Genotoxic carcinogens damage cells and tissues by covalent binding to the DNA, ei-
ther directly or indirectly [1], leading to P53 activation that results in modulation of
a variety of cellular pathways including apoptosis, DNA damage and DNA repair [1].
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One of the most studied sources of genotoxic carcinogens is tobacco smoke. It con-
tains over 700 carcinogenic compounds including a large group of polycyclic aromatic
hydrocarbons (PAH) [2], which have been implicated in a variety of cancers including
lung cancer [3]. Benzo[a]pyrene (B[a]P) is a well-studied PAH and its metabolites are
very mutagenic and carcinogenic by forming DNA adducts or distortion of the helix
structure [4]. Currently, 1-hydroxypyrene, a metabolite of the PAH pyrene, is used
to quantify the level of exposure to PAHs [5]. It is, however, not specific for B[a]P
exposure as the ratio between pyrene and B[a]P varies in airborne mixtures [6]. Ad-
ditionally, determining 1-hydroxypyrene in urine does not only measure exposure to
pyrene, but also its biotransformation, absorption and excretion [7]. It therefore does
not allow accurate assessment of the risk of lung cancer due to persistent contact with
PAHs such as B[a]P through for example tobacco smoke. Consequently, assessing of
B[a]P exposure by applying other biomarkers is of interest, in particular to determine
the risk of developing lung cancer [4, 8]].

Advanced lung cancer is usually treated with cisplatin-based chemotherapy [9].
Interestingly, cisplatin is also a genotoxic carcinogen that forms adducts with the
DNA [10]. Similar to B[a]P, cisplatin-induced DNA damage affects proliferation,
differentiation, DNA repair and apoptosis among other related pathways in a way
that is harmful to the health of the target cell. As the efficacy of cisplatin treatment
depends on successfully affecting these pathways in cancer cells, it is of interest to
find biomarkers of cancer cell responses to cisplatin exposure. Interestingly, metabolic
and volatile changes in the in vitro cell metabolism of cells treated with cisplatin
have already been demonstrated [11, 12], suggesting a role for (volatile) metabolites
as biomarkers to monitor cisplatin treatment [11, 12].

To determine whether cells excrete specific volatile organic compounds (VOCs) in
their headspace upon exposure to a genotoxic carcinogen, we analyzed VOCs excreted
by lung carcinoma cells after cisplatin exposure and by lung epithelial cells after B[a]P
exposure.

7.3 Materials and Methods

7.3.1 Cell culture

The A549 human carcinoma cell line (ATCC CCL-185) was cultured in RPMI 1640
medium (Without Phenol Red; Gibco, Invitrogen), supplemented with 5% heat inac-
tivated Fetal Bovine Serum (Gibco, Invitrogen). The BEAS-2B lung epithelial cells
(ATCC CRL-9609) were cultured in DMEMF-Dulbeccos Modified Eagles medium
(DMEMF-12, Gibco, Invitrogen), supplemented with 1% penicillin/streptomycin, 15
µg/ml bovine pituitary extract, 0.5 ng/ml bovine serum albumin (Invitrogen, Breda,
The Netherlands), 10 ng/ml epidermal growth factor (Merck Millipore, Darmstadt,
Germany), 10 ng/ml cholera-toxin (list Biological Laboratories, Inc., Campbell, Cal-
ifornia), 5 g/ml insulin, 5 µg/ml transferrin and 0.1 µM dexamethasone (Sigma-
Aldrich, St. Louis, MO, USA). Both cell lines were cultured in Corning cell culture
flasks (Corning Incorporated, New York, USA) to 80-90% confluence at 37 °C and
5% CO2. Flasks with cells were randomly divided into a control and exposure group
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each containing 12 or 16 biological replicates for the A549 and BEAS-2B experiments
respectively.

7.3.2 Exposure

Upon reaching 80-90% confluency, the medium was replaced by freshly prepared
medium containing cisplatin dissolved in phosphate buffer saline (CAS no. 15663-
27-1; >96% purity; Sigma-Aldrich, St. Louis, USA) for the A549 cells and B[a]P
dissolve in dimethyl sulfoxide (CAS no. 50-32-8; purity >96%; Sigma-Aldrich, St.
Louis, USA) for the BEAS-2B cells. For both exposures, the appropriate concentra-
tion was chosen based on an MTT proliferation assay [13]. For cisplatin, the GI50
concentration of 50 µM (at which a growth inhibition of 50% is achieved) was chosen,
whereas for B[a]P, a non-lethal dose of 1 µM was chosen (where 100% of cells were
still alive). Both cell lines were exposed for 24 hours to their respective genotoxic
carcinogen.

7.3.3 Headspace sampling set-up

The VOCs excreted by the A549 cells exposed to cisplatin were collected as previously
described by Baranska et al. [14]. After using this prototype in vitro measurement set-
up, several modifications were added to the system to improve heat distribution and
reduce the influence of fluctuating temperature levels. The headspace of the B[a]P-
treated BEAS-2B cells was sampled using this new system (Figure 7.1). Four flasks
were sampled simultaneously and were kept inside an incubator at 37 °C throughout
the sampling procedure. The flasks were connected to a gas cylinder (pressure: 150
bar) containing a purified mixture of N2 (75%), O2 (20%) and CO2 (5%) by tubing
and a flow regulator. Each flask had an outlet that directed the headspace to a stain-
less steel two-bed sorption tube filled with carbograph 1TD/Carbopack X (Markes
International, Llantrisant, Wales, UK) to collect the VOCs.

For the cisplatin exposure of the A549 cells, the headspace was sampled for 1 hour
after 23 hours of exposure at a flow rate of 25 ml/min. For the BEAS-2B cells exposed
to B[a]P, this was done continuously during the 24 hours of exposure at a rate of 4
ml/min to potentially increase the quantity and number of VOCs trapped.

7.3.4 Gas chromatography mass spectrometry analysis

After collection of the VOCs from the headspace, the thermal desorption tubes were
measured by gas chromatography time of flight mass spectrometry (GC-tof-MS).

The desorption tubes were placed inside the TD100 automated thermal desorber
(Markes International, Llantrisant, Wales, UK) and heated to 350C to release the
VOCs from the tubes. 90% of the released compounds were trapped on a second,
identical tube for potential repeated analysis in case of failure of the measurement
by GC-MS. Ten percent was trapped at a cold trap at 5C, from where it was in-
jected into the GC-column at a temperature of 300C. The VOCs were subsequently
separated by capillary gas chromatography Trace 1300GC (Thermo Fisher Scientific,
Waltham, Massachusetts; column: RTX-5ms, 30 m 0.25 mm 5% diphenyl, 95%
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Figure 7.1: In vitro sampling of the headspace of BEAS-2B cells exposed
to B[a]P for 24 hours.

dimethylsiloxane, film thickness 1 µm). The temperature of the gas chromatograph
was programmed as follows: 40 °C for 5 minutes then raised with 10°C/min until a
final maximum temperature of 270°C. The final temperature was maintained for 5
minutes. Time-of-flight mass spectrometry (tof-MS; Bench TOF-dx Almsco Interna-
tional, Llantrisant, Wales, UK)) was used to detect and identify components available
in the samples. Electron ionization mode was set at 70 eV and the mass range m/z 35-
350 was measured. Sample frequency of the mass spectrometer was set to 5 scans/sec
and analysis run time to 33 min. For each sample, a chromatogram was obtained
containing m/z values for each measured compound.

7.3.5 Data preprocessing

After chromatograms were obtained, they were preprocessed as described earlier [15]
to remove any non-biological variation. In short, the data were log transformed [16]
and subsequently denoised by a Daubechies wavelet with two levels of compres-
sion [17]. Baseline correction and normalization were done by B-splines with asym-
metric least squares smoothing [18] and probabilistic quotient normalization [19],
respectively. Peak picking was carried out and peaks for the same compound were
aligned across samples by correlation analysis of the mass spectra. Data analysis
After data preprocessing, two comparisons were tested:
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1. Cisplatin exposed A549 cells vs. control A549 cells

2. Benzo[a]pyrene exposed BEAS-2B cells vs. control BEAS-2B cells

For both comparisons, a model was created to separate the controls from exposed
cells using Random Forests (RF) [20]. The out-of-bag error and the importance of
specific VOCs to the model were calculated. This compound importance was used
to select a group of discriminatory VOCs. A final RF model was created for each
comparison containing only this subset of discriminatory VOCs. The final results are
displayed as principal component analysis (PCA) score plot obtained from proximities
of the final RF model [21].

After selection of the discriminatory VOCs, univariate significance testing was per-
formed on the individual discriminatory VOCs by means of the Mann Whitney-U test
in combination with multiple-testing correction by False Discovery Rate (FDR). An
adjusted p-value of 0.05 was considered significant. Putative chemical identification
of VOCs The data analysis resulted in two lists of discriminatory VOCs, one for each
exposure. The retention time and mass spectrum of each peak were examined using
the National Institute of Standard and Technology (NIST) library in conjunction with
an in-house library with pure compounds. As a final validation, an experienced mass
spectrometrist evaluated and confirmed the identities of the VOCs.

7.4 Results

Headspace air from 56 samples was collected and analyzed for the presence of VOCs.
The samples were divided into four groups: 12 cisplatin-exposed A549 samples, 12
A549 controls, 16 B[a]P-exposed BEAS-2B samples and 16 BEAS-2B controls. Pre-
dictive modelling resulted in the identification of two groups of VOCs, one for each
exposure. For the cisplatin, 8 VOCs were identified as discriminatory between A549
cells with and without exposure to this carcinogen. The model, of which the corre-
sponding PCA scores plot is displayed in Figure 7.2(a), achieved an overall prediction
of 83.3%. A subset of 6 VOCs was identified for the BEAS-2B cells exposed to B[a]P
with an overall prediction of 65.6%. The PCA scores plot associated with these six
VOCs is shown in Figure 7.2(b).

The putative chemical identities including corresponding CAS numbers of the
discriminatory VOCs are listed in Table 7.S1 and Table 7.S2 for cisplatin and B[a]P
exposure respectively. Nonanal was the only compound found to be discriminatory for
both exposures. The impact of each VOC on the discriminatory model is visualized
in Figure 7.3(a) and (b) for the cisplatin and B[a]P exposures, respectively. In the
figures, the length of the bar indicates the relative importance of a VOC to distinguish
exposed from unexposed cells, whereas its direction is an indication of the change in
the relative concentration of each VOC. A positive bar indicates an increased relative
concentration of a VOC, whereas a negative bar indicates a lowered level of the VOC
in the exposed cells in comparison to the controls. For cisplatin, the levels of three
VOCs were lowered, whereas the other five occurred in higher concentrations upon
exposure to the carcinogen. Ethenylbenzene had the highest negative importance,
whereas diethyl ether had the highest positive importance in the model. Boxplots
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Figure 7.2: PCA score plot of proximities calculated by the respective
Random Forests models for (a) cisplatin exposure and (b) benzo[a]pyrene expo-
sure. Red = exposed cells; Blue = controls.

of the relative concentrations of each VOC can be found in Figures 7.S1 and 7.S2
in the supplementary materials. None of the identified VOCs were significant after
univariate testing in combination with FDR correction.

After B[a]P exposure, the concentration of o-xylene, nonanal, decanal and one
unknown VOC were reduced in exposed cells. Isopropyl alcohol and octadecane had
a higher concentration after exposure. In addition, univariate significance testing in
combination with FDR correction was performed where only the unknown VOC was
independently significant (p = 0.04).

Figure 7.3: Importance of each selected VOC to the discriminatory model
identified after both exposures. The length of the bar indicates the relative im-
portance of a variable to the model. A negative value indicates a reduced concentra-
tion excreted by the exposed cells compared to the controls; a positive value indicates
an increased concentration for exposed cells vs. controls.(a) Cisplatin exposure; (b)
B[a]P exposure.

171



Chapter 7. In vitro VOC excretion after genotoxic exposure

7.5 Discussion & Conclusion

The aim of this study was to identify VOCs specific for in vitro exposure to either
benzo[a]pyrene or cisplatin. In both cases, a subset of VOCs was identified that could
discriminate between exposed and non-exposed cells. Univariate significance testing
of the individual compounds did not yield significant outcomes, indicating that a
profile of volatiles, rather than an individual one, is needed to distinguish between
exposed and non-exposed cells.

The molecular mechanisms of action of the two genotoxic carcinogens used in the
present study, i.e. cisplatin and B[a]P, are well established, providing information
about the possible origin of the discriminatory VOCs. Cisplatin is a platinum-based
compound used as chemotherapy for a variety of cancers including lung cancer [9]. It is
actively transported into the cell where it is hydrolyzed. This hydrolyzed product can
then bind directly to the DNA, causing DNA damage and blocking cell division [10].
Pathways involved in cisplatin-induced toxicity are DNA damage and repair, mis-
match repair, P53 activation, cell cycle arrest and finally apoptosis . In case of cancer
cells, a higher level of oxidative stress is observed in comparison to normal cells,
which in combination with the effects of cisplatin results in apoptosis [10, 22]. B[a]P
in itself contains no reactive groups but is activated by cytochrome P450 enzymes
(especially CYP1A1) into the reactive metabolite diol epoxide metabolite (BPDE).
BPDE reacts with DNA to form covalent DNA adducts [23] that cause DNA damage,
cell cycle arrest and apoptosis, processes that are also evoked by cisplatin. Addition-
ally, we have previously shown that the BEAS-2B cells are responsive to the dose
used in our study since cytochrome P450 (CYP1A1) gene expression and its activity
(ethoxyresorufin-O-deethylase activity) were elevated up to 20 times [24, 25].

Considering the modulation of these pathways, it is likely that they are associated
with the discriminatory VOCs excreted in the headspace upon exposure. For cisplatin,
the use of the GI50 concentration has resulted in production of cell death related
VOCs, whereas the non-lethal exposure of B[a]P has led to more subtle changes in
underlying B[a]P-related pathways.

The appearance of the (methylated) alkanes octadecane, 3-methylpentane and 2-
methylbutane may be explained by the induction of lipid peroxidation and oxidative
stress by both triggers [26–28]. Aldehydes such as nonanal and decanal are produced
as by-products of oxidative metabolism upon the induction of cytochrome P450 en-
zymes due to B[a]P exposure. Alternatively, they are produced as a result of B[a]P or
cisplatin induced alterations in normal physiological processes such as including signal
transduction, proliferation and gene regulation [28]. Nonanal is especially of inter-
est because it was found in both the cisplatin and B[a]P exposures and is confirmed
by literature for cisplatin exposure [12], hinting at a potential use as an exposure
marker to genotoxic carcinogens. The occurrence of isopropyl alcohol upon exposure
to B[a]P is due to its production during ketogenesis [29], which itself results from an
altered fatty acid metabolism and enhanced lipid peroxidation [30] due to exposure
to genotoxic chemicals [31]. The reduced occurrence of the aromatic hydrocarbons
ethenylbenzene and o-xylene upon exposure to both triggers is difficult to interpret
as both VOCs are considered exogenous [32, 33]. Contamination of these compounds
by the materials used in the set-up seems unlikely as we used a pure gas mixutre and
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the system-related VOCs would be present in each sample in a similar amount, thus
not serving as discriminatory. A potential endogenous source of these two compounds
is unknown, yet once present they can be further metabolized by human cells [34].
This suggests that the carcinogenic exposures may influence the biotransformation
of these aromatic hydrocarbons, resulting in a lower concentration after exposure to
either B[a]P or cisplatin. Finally, acetic acid is produced by gut bacteria in an in
vivo situation, after which it is taken up into the blood and excreted in the exhaled
breath [35, 36]. However, this does not apply to our in vitro situation where no gut
bacteria are present. In this case, the most likely source of acetic acid us the protona-
tion is the formation of acetic acid, which forms an equilibrium with acetate. Acetate
in turn is formed as a result of hydrolysis of acetylated metabolites and deacetyla-
tion of histones and proteins [37, 38]. Research has shown that phosphorylation and
acetylation of histones occurs after cisplatin exposure [39], suggesting a lowering in
the acetate concentration and thus the concentration of acetic acid in the headspace
as was reported in the current study. The source of the remaining two compounds
(dimethyl sulfone and diethyl ether) remains unclear. However, it has to be noted
that these VOCs were found in an in vitro experiment, and may not translate to an
in vivo situation.

In recent years, the number of studies applying mammalian in vitro experi-
ments using different approaches to detect VOCs in headspace as indicator of cel-
lular processes has increased. The majority of these studies can be classified as a
proof-of-principle approach where VOCs excreted by the cells are measured in the
headspace [40–45]. A different angle was taken in several other studies that compared
cell lines with different characteristics, such as presence or absence of oncogenes, to
link VOCs in headspace to these specific characteristics [46–51]. However, since these
different characteristics can alter a variety of pathways, it is still difficult to pinpoint
the exact pathway associated with a specific VOC. A third option is to use a trigger
to elicit a certain, often well-understood, cellular response or to influence one specific
pathway. This approach was taken for instance by Pyo et al. [12], who exposed A549
cells to different concentrations of cisplatin showing that VOCs profiles are altered
upon exposure to cisplatin.

In the present study, by applying two genotoxic carcinogens as triggers, associa-
tions were made between the excreted VOCs and certain pathways provoked by these
triggers. Indeed, finding discriminatory VOC profiles specific for either one of the
two carcinogenic exposures indicates that cellular processes are altered, resulting in
detectable changes in excreted VOCs. These in vitro results might give some insight
towards the VOC pattern that might be present in the exhaled breath of individuals
exposed to cisplatin or B[a]P. However, there is still a large gap between in vivo and
in vitro experiments due to for instance the fact that cisplatin is not delivered directly
to the cells in an in vivo situation. Additionally, the artificial in vitro environment is
not representative of an in vivo experiment, as reflected by for instance the hyperoxic
conditions in the cell culture incubator [52]. Therefore, different VOCs may be found
in an in vivo experiment, making it more difficult to pinpoint the exact metabolic
origin of the discriminatory volatiles. This translational gap between in vitro and in
vivo research may be diminished by using primary cells.

Although observations deviating from (exposed) cells are interesting, they always
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refer to indirect associations and provide circumstantial proof of the underlying path-
ways involved. Direct relations can only be found by measuring headspace VOCs
after manipulation of designated pathways, using for instance molecular techniques
to up- or downregulate specific pathways using RNAi or CRISPR-Cas9 [53, 54]. Such
an approach could pinpoint the exact effect of that pathway on the production or
uptake of unique VOCs. Another way of demonstrating direct associations is to
combine headspace VOCs analysis with other omics, including transcriptomics and
metabolomics, to find relations between genes, metabolites and VOCs. This method-
ology, being the most informative and optimal one, has not been done before but
holds great promise for the future.

In conclusion, this study has demonstrated that exposure to genotoxic carcino-
gens causes a change in the profile of excreted headspace VOCs in vitro. Especially
nonanal seems a viable marker for exposure to genotoxic carcinogens as it was found
in both exposures and confirmed by literature [12]. The future direction of in vitro
VOCs research should focus on determining the endogenous sources of VOCs, either
by selective manipulation of underlying pathways or by adding other omics to the
equation. A collective effort is needed from the breath community to gain the desired
insights into the origin and biological meaning of in vitro VOCs.

7.6 Supplementary Materials

Table 7.S1: Identified VOCs for the A549 cells with cisplatin exposure.
The name of the compound, its CAS number, m/z of the parent ion, the retention
time at which they were found and the chemical formula are displayed.

VOC CAS number m/z Retention
time

Chemical formula

Diethyl Ether 60-29-7 74 2.96 (C2H5)2O
Dimethyl Sulfone 67-71-0 94 3.52 C2H6O2S
Acetic Acid 64-19-7 60 4.28 CH3COOH
2-Methyl Butane 78-78-4 72 4.75 C5H12
3-Methyl Pentanal 15877-57-3 100 7.88 C6H12O
Ethenylbenzene 9003-53-6 104 13.01 C8H8
Nonanal 124-19-6 142 16.97 C9H18O
Cyclohexanol 108-93-0 100 12.80 C6H12O

174



Table 7.S2: Identified VOCs for the BEAS-2B cells exposed to B[a]P. The
name of the compound, its CAS number, m/z of the parent ion, the retention time
at which they were found and the chemical formula are displayed. * supposed parent
ion.

VOC CAS number m/z Retention
time

Chemical formula

Isopropyl Alcohol 67-63-0 60 2.64 C3H8O
O-Xylene 95-47-6 106 12.91 C8H10
Nonanal 124-19-6 142 16.85 C9H18O
Decanal 112-31-2 156 18.54 C10H20O
Octadecane 593-45-3 254 25.77 C18H38
Unknown NA 282* 14.63 NA

Figure 7.S1: Boxplots of the relative concentrations of each discriminatory
VOC after cisplatin exposure. The red line indicates the median relative concen-
tration and the blue boxes demonstrate the range from the first to the third quartile.
The whiskers indicate the maximum spread of the data, with outliers denoted as a
red ”+” sign.
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Figure 7.S2: Boxplots of the relative concentrations of each discriminatory
VOC after B[a]P exposure. The red line indicates the median relative concentra-
tion and the blue boxes demonstrate the range from the first to the third quartile.
The whiskers indicate the maximum spread of the data, with outliers denoted as a
red ”+” sign.
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Chapter 8. Determining endogenous sources of VOCs

8.1 Abstract

Breathomics is a new field of omics research that studies volatile organic compounds
(VOCs) in exhaled breath to monitor or diagnose disease. However, the origin of
these VOCs often remains elusive while understanding the underlying mechanisms
behind these volatiles is important. To this end, we conducted an in vitro experiment
that measured omics responses (transcriptomics, metabolomics and breathomics) in
lung cells after exposure to benzo[a]pyrene. The aim of the study was to relate al-
terations in excreted VOC profiles to cellular metabolism and pathways. Lung cells
were exposed to benzo[a]pyrene for 24h, after which the following biological extracts
were harvested: RNA for microarray experiments and pathway analysis, intracel-
lular metabolites (ICMs) for NMR spectroscopy and VOCs from headspace air for
Gas Chromatography-Mass Spectrometry (GC-MS) analysis. Canonical Correlation
Analysis (CCA) was performed to identify associations between VOCs, ICMs and
pathways based on gene-set analysis in combination with multivariate statistics.

We found significant correlations between sets of VOCs and ICMs (coefficient =
0.97 p-value 0.0011) and between ICMs and four pathways databases (with a coef-
ficient >0.93 and a p-value <3.77e-04). Spearman correlations between individual
VOCs, ICMs and pathways, and subsequent network analysis resulted in potential
endogenous sources for 5 of the 6 discriminatory VOCs, by connecting VOCs through
metabolites to up- or down-regulated pathways.

In conclusion, this study demonstrated that chemical-induced alterations in cel-
lular pathways are associated with excreted VOCs. This study might help to better
understand the origin of various exhaled breath compounds and thus in the future
redirect the focus of research to specific underlying pathways.

8.2 Introduction

Breathomics is a relatively new field of omics research that focuses on the use of
exhaled breath to diagnose and monitor disease [1]. Exhaled breath consists of a mix-
ture nitrogen, oxygen, carbon dioxide and noble gases [2]. In addition to these gases,
trace amounts of volatile organic compounds (VOCs) can be detected in concentra-
tion in the nmol/l - pmol/l range [1, 2]. The advantage of breathomics over other
omics techniques in biofluids, such as blood and urine, is the non-invasive and easy
collection method that simply requires normal breathing. Additionally, measurement
and analysis of relevant VOCs can be performed quickly, resulting in a method with
potential to diagnose diseases non-invasively and rapidly [3]. Exhaled breath analysis
has been applied in a variety of diseases such as lung cancer [4–10], chronic obstructive
pulmonary disease [11–14], asthma [15–17], breast cancer [18, 19], liver disease [20–24]
and gastrointestinal disease [22, 25].

Even though thousands of VOCs are released into the exhaled breath, including
hydrocarbons, aldehydes, ketones, alcohols, esters and aromatic hydrocarbons [8, 26],
the origin of only a handful of VOCs has been identified. For instance, dimethylsulfide
is exhaled as a result of fetor hepaticus [21, 27], while acetone is excreted via the lungs
during ketoacidosis in diabetes [28].
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For the majority of VOCs, only hypothetical endogenous sources have been pro-
posed. For instance, hydrocarbons are produced as a result of oxidative stress and
lipid peroxidation [29], whereas aldehydes are thought to originate from normal phys-
iological processes such as signal transduction, proliferation and gene regulation [8].
Yet, many of these compounds can be produced by plants and foods or pollution [30].
Therefore, the validity of many VOCs as disease biomarkers is a subject of debate [30].
To limit the list of VOCs in the exhaled breath that are truly related to disease, the
endogenous processes underlying the production of these volatile metabolites have to
be investigated. In recent years, in vitro experiments that measure VOCs excreted
by cells have emerged as a promising tool to investigate the endogenous sources of
VOCs [31–33]. However, many of these studies simply compare VOCs that are pro-
duced by basal cellular metabolism [34–36], or compare cell lines with different char-
acteristics [37–39]. Other studies have used a chemical trigger to investigate specific
cellular processes [40, 41]. Even though these studies provide some insights in en-
dogenous production of VOCs, direct links supported with evidence between VOCs
and cellular processes have not yet been established.

Therefore, a more valuable approach would be to integrate in vitro breathomics
with other omics technologies to gain insight in the systemic processes underlying the
excreted VOCs [42].

The recent rise in high-throughput analysis of biological systems has enabled re-
searchers to collect more than one dataset and combine them using omics integration
methods [42]. The advantage of using multiple omics techniques is that it reflects the
complexity of the biological system and thus provides additional insights, whereas
utilization of one omics approach focuses one only one perspective of the studied
problem [43]. Additionally, simultaneous analysis of multiple omics datasets enables
researchers to look for causative changes that lead to disease throughout different
information systems such as genes, proteins and metabolites [43]. Regarding breath-
omics, omics integration may provide new knowledge about the endogenous source of
a VOC.

In this study, the pulmonary BEAS-2B cell line was exposed to benzo[a]pyrene
(B[a]P), after which transcriptomics, metabolomics and breathomics data was col-
lected. Since the mechanism of action of B[a]P is well-understood [44], it provides the
opportunity to combine this with previously acquired knowledge on B[a]P induced
gene expression regulation, which is reflected by the collected transcriptomics data.
Metabolomics analysis provides the link between the genetic regulation and the phe-
notype by directly measuring alterations in the cellular metabolism [45]. Since it is
believed that VOCs are produced by the same metabolic processes as the metabolites,
it is expected that associations between the excreted VOCs and metabolites can be
identified. In this study, we aim to find the associations between VOCs, metabolites
and pathways that will further result in a comprehensive multi-omics network that
will give us insight in the endogenous sources of VOCs. This is the first study to use
an omics integration approach to investigate the possible sources of endogenous VOCs
excreted in vitro. Unravelling the origins is essential to expand our understanding of
underlying processes and enhance new leads for disease monitoring.
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8.3 Materials & Methods

8.3.1 Cell culture and exposure

BEAS-2B lung epithelial cells (ATCC CRL-9609) were cultured using Corning cell cul-
ture flasks (Corning Incorporated, New York, United States) in DMEMF-Dulbeccos
Modified Eagles medium (DMEMF-12, Gibco, Invitrogen), supplemented with 1%
penicillin/streptomycin, 15 µ/ml bovine pituitary extract, 0.5 ng/ml bovine serum
albumin (Invitrogen, Breda, the Netherlands), 10 ng/ml epidermal growth factor
(Merck Millipore, Darmstadt, Germany), 10 ng/ml cholera-toxin (list Biological Lab-
oratories, Inc., Campbell, California, USA), 5 µg/ml insulin, 5 µg/ml transferrin and
0.1 µM dexamethasone (Sigma-Aldrich, St. Louis, MO, USA). The cells were cul-
tured at 37C and 5% CO2. The flasks with cells were randomly divided into two
experimental groups: controls and exposed cells, each consisting of 16 samples. After
reaching 80-90% confluency, the medium was replaced with fresh medium containing 1
µM benzo[a]pyrene (CAS no. 50-32-8; purity >96%; Sigma-Aldrich, St. Louis, USA),
to which the cells were exposed for 24 hours. The benzo[a]pyrene concentration was
chosen to mimic non-lethal pollution-related exposures, and was determined by MTT
cell proliferation assay [46].

8.3.2 Collection of biological extracts

Thirty-two samples were used to collect the following biological extracts: (i) VOCs
excreted in the headspace of the cell culture flasks for breathomics, (ii) intracellular
metabolites (ICMs) for metabolomics and (iii) RNA for transcriptomics.

8.3.2.1 Headspace air for VOCs analysis by gas chromatography mass
spectrometry

The VOCs excreted by the epithelial cells were collected from the headspace above
the cells for 24 hours as described previously [41]. Briefly, Corning flasks with cells
were kept inside the incubator at 37C and connected to a purified mixture of N2
(75%), O2 (20%) and CO2 (5%). A stainless steel two-bed sorption tube filled with
carbograph 1TD/Carbopack X (Markes International, Llantrisant, Wales, UK) was
connected to each flask to captured the emitted VOCs.

After collection of the VOCs from the headspace of 32 samples, the thermal desorp-
tion tubes were measured by gas chromatography time of flight mass spectrometry
(GC-tof-MS) as previously described [41, 47]. Briefly, the thermal desorption tubes
were heated to 350C, releasing the captured VOCs. Seventy-five percent of the re-
leased VOCs was recaptured and stored back on the identical desorption tube, whereas
25% entered the gas chromatograph where the VOCs were separated. Time-of-flight
mass spectrometry (tof-MS; Bench TOF-dx Almsco International, Llantrisant, Wales,
UK)) was used to detect and identify the VOCs available in the samples.
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8.3.2.2 Intracellular metabolites for nuclear magnetic resonance spec-
troscopy

After 24 hours of exposure, the cells were immediately washed with phosphate buffered
saline and subsequently quenched with 3 ml methanol at -20°C. The cells were de-
tached from the flask with a cell scraper, after which 3 ml chloroform (-20°C) was
added. Cell disruption was performed using a sonicator with a force of 15 micron
in two cycles of 30s with a 30s pause [48]. After centrifuging for 5 minutes at 4°C
(1600 RCF), three segments appeared: (i) polar phase including ICMs; (ii) interphase
containing RNA and proteins, and (iii) non-polar phase with various molecules such
as lipids. Each phase was stored in an individual 15 ml CELLSTAR centrifuge tube
at -80 °C (VWR International, Radnor, Pennsylvania, USA) for further analysis. The
polar phase containing the ICMs was first concentrated by overnight freeze-drying and
stored immediately after at -80 °C until Nuclear Magnetic Resonance (NMR) analysis.
Right before NMR analysis, the metabolites were reconstituted by dissolving them in
292 µl Milli-Q, 300µl D2O (99.9 atom % D), 32 µl of 1M dibasic sodium phosphate de-
hydrate buffer, 12 µl of 5.5mM 4,4-dimethyl-4-silapentane-1-sulfonic acid (99.9 atom
% D, for chemical shift reference; δ 0.00 ppm; final concentration: 0.1mM) and 8µl of
0.5M sodium azide (with a final concentration of 6mM). The samples were vortexed,
centrifuged for 30s at 4 °C (10.600 RCF) to remove any debris and pipetted into a
clean 5mm 600MHz NMR tube (Bruker, Billerica, MA, USA). 1H NMR spectra of all
32 samples were acquired on a Bruker Avance 700MHz system equipped with a TCI
cryoProbe (Bruker, Billerica, MA, USA). 1D NOESY with water presaturation was
used as solvent suppression [49]. Each spectrum contained 128 scans with a spectral
width of 8418Hz resulting in 32K points. The acquisition time was set to 3.2 seconds,
with 4 seconds of relaxation delay between scans. Subsequently, ACD/Spectrus Pro-
cessor 2016.1.1 (Advanced Chemistry Development, Inc., Toronto, Canada) was used
for spectral pre-treatment. All acquired free induction decays were zero-filled to 64K
data points, multiplied with a 0.3 Hz line-broadening function, Fourier transformed
and manually phased.

8.3.2.3 RNA for microarray experiments

The extracted interphase contained RNA and proteins. Before RNA isolation, the
interphase was washed with 2.5ml methanol at -20 °C and centrifuged for 10 minutes
at 4°C (10.600 RCF). To remove the proteins from the interphase, the RNA was
purified on columns using the miRNeasy Micro Kit (Qiagen, Venlo, the Netherlands).
RNA quantities were determined using a Nano Drop ND-1000 spectrophotometer
(Isogen, IJsselstein, the Netherlands) and the quality was assessed by RNA 6000
nanochips on the Agilent 2100 bioanalyzer (Agilent Technologies, Amsterdam, the
Netherlands). An RNA Integrity Number (RIN) of >8.0 was considered suitable for
further analysis, and 31 out of 32 samples had a RIN value of >8.9. That one samples
was therefore excluded from further analyses. Labelling of total RNA (100 ng) was
performed using an Affymetrix WT plus reagent kit and hybridized to whole genome
Genechip Human Gene 1.1 ST arrays coding 19.697 genes (Affymetrix, Santa Clara,
California, USA). Labelling, hybridization and image scanning of the samples were
performed according to manufacturers instructions.
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8.3.3 Data preprocessing

8.3.3.1 GC-MS chromatograms

After the chromatograms were obtained, they were preprocessed as described previ-
ously by Smolinska et al. [50] to remove any non-biological variation. In short, the
data was log transformed [51] and subsequently denoised by a Daubechies wavelet
with two levels of compression [52]. Baseline correction and normalization were done
by B-splines with asymmetric least squares smoothing (53) and probabilistic quotient
normalization [53] respectively. Peak picking was carried out and peaks for the same
compound were combined across sampled by correlation analysis of the mass spectra.

8.3.3.2 NMR spectra

The NMR spectral data were preprocessed, which typically involves baseline cor-
rection, alignment, binning and normalization. Baseline correction of NMR spectra
was done by means of asymmetric least squares [54]. Sample temperature, pH, ionic
strength can cause fluctuation in the chemical shifts, therefore NMR spectra were
aligned using correlation optimizing warping [55]. Adaptive intelligent binning was
applied to reduce the high dimensionality of the NMR data (generally ca. 32,000 vari-
ables) [56]. The chemical shift ranges of δ 0.8 4.5 and 4.9 8.6 were used for binning
procedure because they contained relevant information. To make the NMR spectral
data comparable across all samples, the final step of data preprocessing consisted of
normalization by probabilistic quotient normalization [53].

8.3.3.3 Microarray data

Quality control of the microarrays was performed on raw data by examining the signal
distribution using principal component analysis (PCA) scatter plots, normal proba-
bility plots and MA-plots [57]. All 31 arrays were of sufficient quality for further
analysis. After the quality control, custom annotation was performed based on re-
organized oligonucleotide probes [58] and expression values were normalized by the
robust multichip average method [59]. After annotation and normalization, the genes
were grouped into sets that are based on genes present in validated pathways from
the four most comprehensive biological databases: (i) BioCarta [60]: 217 pathway
genesets available from MSigDb [61]; (ii) KEGG [43]: 186 pathway genesets avail-
able from MSigDb [61]; (iii) Reactome [62, 63]: 674 pathway genesets available from
MSigDb [61] and (iv) WikiPathways [64, 65]: 380 pathway genesets available from
WikiPathways.

For each set, the expression values of its genes were combined to create a pathway
expression value using the Pathway Level Analysis of Gene Expression method [66].
These pathway expression values were used in the subsequent data analysis.
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8.3.4 Data analysis

8.3.4.1 Random Forests and correlation analysis

The statistical analysis employed here consisted of two steps. The first step was de-
signed to select the most discriminatory VOCs, metabolites and pathways between
control cells and cells exposed to B[a]P. The second step aimed to find the relation-
ship between the discriminatory sets of variables found in the first phase. A selection
of discriminatory variables (VOCs, ICMs and pathways) was made using Random
Forests (RF) [67]. In each case, a model was created to separate the controls from
the exposed cells and was internally validated by means of the out-of-bag error. The
algorithm also calculates the importance of a specific variable to distinguish exposed
and non-exposed cells. The RF analysis resulted in sets of discriminatory variables
for the VOCs, ICMs and pathways. In order to assess the relationship between dis-
criminatory VOCs, ICMs and pathways, canonical correlation analysis (CCA) is used
in combination with PCA [68]. The main aim of the CCA technique is to find the
relationship between two multivariate sets of variables measured for the same set of
samples. CCA is considered an extension of bivariate correlations. Since CCA is
only applicable when more samples than parameters are available, PCA was first em-
ployed for dimension reduction. The CCA analysis was performed for the following
comparisons: (i) VOCs vs. ICMs; (ii) VOCs vs. BioCarta pathways; (iii) VOCs vs.
KEGG pathways; (iv) VOCs vs. Reactome pathways; (v) VOCs vs. WikiPathways;
(vi) ICMs vs. BioCarta pathways; (vii) ICMs vs. KEGG pathways; (viii) ICMs vs.
Reactome pathways; (ix) ICMs vs. WikiPathways.

In order to show the pair-wise relationships between the individual VOCs, ICMs
and pathways, a spearman pair-wise correlation was calculated between the most
contributing sets. The correlations were considered significant if the corresponding
p-value was less than 0.05.

8.3.4.2 Chemical identification of VOCs and intracellular metabolites

The putative identification of the discriminatory VOCs was done by examination of
their retention time and mass spectrum using the National Institute of Standard and
Technology library in conjunction with an in-house library with pure compounds. As
a final validation, an experienced mass spectrometrist evaluated and confirmed the
identities of the VOCs. The discriminatory intracellular metabolites were identified
using the 600 MHz library of metabolite NMR spectra from the Chenomx NMR Suite
8.3 (pH 6-8) [70].

8.4 Results

VOCs in the headspace and ICMs were collected and analyzed from 32 cell culture
flasks (16 controls and 16 exposed to B[a]P). Microarray analysis was performed in
31 cell culture flasks (15 controls and 16 exposed to B[a]P). The data preprocessing
of breathomics, metabolomics and transcriptomics data resulted in 191 VOCs, 517
NMR bins and 1457 pathways. The pathways were subdivided into 217 BioCarta,
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186 KEGG, 674 Reactome and 380 WikiPathways pathways. The first part of the
statistical analysis consisted of RF modeling with the aim to select discriminatory
VOCs, ICMs and pathways between controls and exposed cells. This resulted in the
selection of 6 VOCs and 17 NMR bins corresponding to 5 ICMs. For the pathways, 10
BioCarta, 9 KEGG, 33 Reactome and 19 WikiPathways pathways were chosen. The
corresponding chemical identities of the VOCs and metabolites, and the full name of
the pathways can be found in the supplementary tables 8.S1-8.S6.

8.4.1 Canonical Correlation Analysis

The CCA analysis was performed as a second step in the statistical analysis to inves-
tigate the correlation between the 6 discriminatory VOCs, 5 discriminatory ICMs and
the four groups of pathways. CCA analysis between the VOCs from the headspace and
the four groups of pathways did not reveal any statistically significant correlations.

8.4.1.1 VOCs vs. ICMs

CCA analysis between the VOCs from headspace and the ICMs showed a statistically
significant correlation of 0.97 (p-value 0.0011). The corresponding CCA correlation
plot is shown in Figure 8.1.

Figure 8.1: The canonical correlation score plot using the first canonical vari-
ates of selected sets of the most important ICMs (x-axis) and VOCs (y-axis).
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8.4.2 Intracellular metabolites vs. Pathways

The four separate pathway datasets were correlated by CCA to the ICMs. The CCA
analysis performed on the comparison between the ICMs and BioCarta pathways
yielded a correlation coefficient of 0.93 (p-value = 1.22e-05; figure 8.2(a)). The CCA
analysis between ICMs and KEGG pathways produced a coefficient of 0.98 (p-value
= 3.77e-04; figure 8.2(b)). When correlating the ICMs with the Reactome path-
ways, a correlation coefficient of 0.98 (p-value = 9.09e-06; figure 8.2(c)) was achieved.
The fourth CCA analysis was performed on the comparison between the ICMs and
WikiPathways and resulted in a correlation coefficient of 0.98 (p-value = 5.03e-07;
figure 8.2(d)).

Figure 8.2: Canonical correlation analysis results of the comparisons be-
tween the ICMs and the pathways. (a) ICMs and BioCarta pathways. (b) ICMs
and KEGG pathways. (c) ICMs and Reactome pathways. (d) ICMS and WikiPath-
ways.
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8.4.3 Pair-wise correlations

Since CCA revealed significant correlations between the sets of VOCs and ICMs, and
the sets of ICMs and pathways, pair-wise Spearman correlations were calculated for
the following comparisons: (i) VOCs vs. ICMs, (ii) ICMs vs. BioCarta pathways,
(iii) ICMs vs. KEGG pathways, (iv) ICMs vs. Reactome pathways and (v) ICMs vs.
WikiPathways.

8.4.3.1 VOCs vs. intracellular metabolites

Pair-wise correlations were calculated between the 6 discriminatory VOCs and the 5
discriminatory ICMs and are visualized in the heatmap in figure 8.3 where significant
correlations are indicated with an asterisk. The figure demonstrates that most pair-
wise correlations were positive and not significant. However, it is notable that the
strongest and most significant correlations are negative ones. Nonanal and decanal,
both aldehydes, reveal similar correlation patterns with the ICMs, showing strong
negative correlations with myo-inositol and to a lesser extent with dimethylamine.
Interestingly, one of the three bins representing myo-inositol displays a different cor-
relation pattern than the other two. Additionally, one glutamine bin is significantly
negatively correlated to octadecane, but every other bin is positively correlated to the
VOC levels. These findings might be explained by slight overlap with another ICMs
in NMR spectrum.

Figure 8.3: Heat map of the pair-wise correlations between the discrim-
inatory ICMs (x-axis) and the discriminatory VOCs (y-axis). The x-axis
consists of NMR bins that belong to a certain metabolite. The size of a square and
the intensity of the color signify the degree of correlation as displayed by the color
bar. An asterisk indicates a significance of p <0.05.
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8.4.3.2 Intracellular metabolites vs. Pathways

The 5 discriminatory ICMs were used for pair-wise correlations with four sets of
pathways. A subset of 10 BioCarta, 9 KEGG, 33 Reactome and 19 WikiPathways
were chosen for each pathway database. The correlations are displayed in figure
8.4(a)-(d) and display a mixture of positive and negative correlations of which the
majority is significant. Remarkably, the correlations observed between ICMs and Re-
actome and WikiPathways (Figures 8.4(c) and (d)) revealed only few non-significant
relations as designated by a hashtag. However, the correlations with BioCarta and
KEGG pathways were not as pronounced as the ones with the Reactome pathways and
WikiPathways. The BioCarta and KEGG heatmaps display a predominant negative
correlation of most pathways with myo-inositol. Correlations with other metabolites
demonstrated opposite behavior when comparing the two pathway databases, such as
glutamine and glutamate, which are positively and significantly correlated with most
BioCarta pathways and negatively correlated with most KEGG pathways.

Interestingly, in the Reactome and WikiPathways heatmaps, two clusters of cor-
relations appear, each representing a different subset of pathways. For instance, the
lower Reactome cluster (cluster 2, figure 8.4c) contains DNA repair pathways and
is positively correlated with tyrosine and myo-inositol. However, the opposite is ob-
served for the WikiPathways heatmap (figure 8.4d), where the DNA damage response
pathways are in cluster (cluster 1) and are negatively correlated with tyrosine and
myo-inositol.

Correlation network between VOCs, ICMs and pathways A correlation network
was created to integrate all VOCs, ICMs and pathways that revealed significant pair-
wise Spearman correlations shown previously in figure 8.4. The network is shown in
figure 8.5 and exhibits the complex relationships between VOCs, ICMs and pathways.
The three different shapes of nodes represent the three omics datasets, with a circle
for the pathways (with a different color for each database), a green diamond for the
ICMs and a red square for the VOCs. The pathways in the clusters in the Reactome
and WikiPathways heatmaps were combined for clarity as they displayed the same
information (clusters 1 and 2 in figure 8.4(c) and (d), respectively). The network holds
130 different significant correlations (indicated as a solid line), which are colored based
on the correlation coefficients, ranging from red for negative correlations to blue for
positive correlations. The network shows that WikiPathways cluster 2 is strongly
negatively correlated with glutamate, which in turn is positively correlated with O-
xylene. Additionally, the BioCarta pathways are positively correlated with glutamate
and glutamine, and negatively correlated with tyrosine and myo-inositol, which are in
turn negatively correlated with decanal, nonanal and the unknown VOC. The figure
also clearly demonstrates that the two clusters of the Reactome and WikiPathways
pathways behave in the opposite way from the other, whereas the pathways from
BioCarta and KEGG generally behave in a similar manner for a specific ICM.

8.5 Discussion & Conclusion

The discovery of the endogenous sources of VOCs is a major challenges in exhaled
breath research, yet is difficult [30]. In vitro studies may shed light on the endoge-
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Figure 8.4: Heat maps of individual correlations between ICMs (x-axis)
and discriminatory pathways from the following four databases: (a) Bio-
Carta, (b) KEGG, (c) Reactome and (d) WikiPathways. The x-axis displays the
NMR bins corresponding to a specific metabolite. The names on the y-axes are
shortened names of the discriminatory pathways. An asterisk indicates a significance
of p <0.05 in (a) and (b), whereas a # indicates a non-significant correlation in (c)
and (d).

nous source of VOCs. Several approaches to measure VOCs in headspace in vitro
can be used, ranging from measuring basal cellular metabolism to using chemical
triggers to elicit a well-defined response from cells. However, the most informative
and optimal approach to determine the endogenous source of a specific VOC is to
link headspace VOCs to other omics datasets like transcriptomics and metabolomics
from the same experiment. Therefore, the aim of this study was to gain more insight
in the endogenous sources of VOCs by integration of breathomics, metabolomics and
transcriptomics data. We investigated this aim by exposing an in vitro pulmonary cell
line to B[a]P to induce a well-understood cellular response. After exposure, the three
types of omics were collected and analyzed. Subsets of VOCs, ICMs and pathways
were selected based on the distinction between exposed and non-exposed cells. These
were then integrated by CCA to determine whether significant associations existed
between these subsets, and subsequent pair-wise Spearman correlations to find rela-
tions between individual VOCs, ICMs and pathways. This study is the first to use
multiple omics integration to determine the plausible endogenous sources of VOCs.
We provide several presumed endogenous sources of VOCs by linking them to specific
pathways. We found 6 VOCs excreted by cells that were related to the changes made
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Figure 8.4: (Continued.)
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Figure 8.4: (Continued.)

by the exposure to B[a]P. Five of the six discriminatory VOCs revealed one or more
significant pair-wise correlation with one or more metabolite, which in turn was sig-
nificantly associated to a large number of biological gene expression pathways. The
suggestions for possible explanation of the endogenous origin of these five VOCs are
described below together with the evidence obtained from scientific literature.

8.5.1 Octadecane

Octadecane is an alkane of which the concentration was higher after B[a]P exposure.
Researchers have hypothesized that alkanes such as octadecane are produced as a
result of oxidative stress and lipid peroxidation [8]. In this study, it was negatively
correlated with glutamine, an amino acid that is present in the cell culture medium.
Glutamine is involved in the biosynthesis of proteins and lipids, and is a frequent
source of energy and carbon for the cells. It was present in the cells in a lower con-
centration after exposure, suggesting a reduced uptake from the cell culture medium
due to DNA damage that occurred after the exposure [71]. Glutamine is negatively
correlated with WikiPathways cluster 1 that contains two upregulated pathways re-
lated to DNA damage response, confirming the link between reduced glutamine uptake
and DNA damage. Glutamine was also positively correlated with all discriminatory
BioCarta pathways, of which most contain parts of the Akt/Pi3K pathway. The
Akt/Pi3K pathways is an intracellular signaling pathway that regulates the cell cycle
and is related to apoptosis and proliferation [72]. The positive correlation between
glutamine and the BioCarta pathways contradicts other research that has shown that
glutamine deprivation can upregulate the Pi3K/Akt pathway [73] and induce apop-
tosis [74], suggesting a negative correlation. It is possible that this discrepancy is a
result of a delay in pathway expression as opposed to metabolite levels. Moreover, a
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Figure 8.5: Network of the significant pair-wise Spearman correlations
(p <0.05) between all three omics datasets. The nodes represent pathways,
metabolites and VOCs, whereas the lines demonstrate the significant correlations.
The color of a line indicates the correlation coefficient between the two nodes it
connects as indicated in the color legend on the bottom right corner.

positive correlation was found between glutamine and the KEGG pathway N-Glycan
Biosynthesis. Since glutamine is needed for the first step of n-glycan biosynthesis [75],
reduced glutamine uptake will lead to a reduced biosynthesis of n-glycans. The fact
that octadecane was negatively correlated with glutamine in this study suggests that
it is associated with increased DNA damage and apoptosis, and reduced biosynthesis
of cellular building blocks such as N-Glycans. Although oxidative stress pathways
were not found as discriminatory in this study, B[a]P does induce oxidative stress and
subsequent lipid peroxidation due to the induction of DNA damage [76]. The hypoth-
esized link between alkanes and oxidative stress is therefore substantiated based on
these results.
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8.5.2 O-xylene

The excreted concentration of the cyclic VOC o-xylene was downregulated after B[a]P
exposure. It has been found previously in feces, breath, breast milk, blood and saliva
(26), and in two in vitro studies [37, 39]. Lavra et al. found increased levels of o-xylene
in cancer cell lines compared to non-transformed cell lines [37]. Schallschmidt et al.
found decreased concentrations of o-xylene in the A549 lung cancer cell line compared
to medium [39]. However, these findings are conflicting with the notion that o-xylene
is considered exogenous [77]. It is therefore unclear what the exact source of exhaled
or in vitro excreted VOCs is.

It was positively correlated with glutamate, which concentration was also downreg-
ulated in exposed cells. Glutamate is a precursor for glutamine [78] and acts in a sim-
ilar manner as glutamine in the correlations to the pathways. This evidence suggests
that processes related to glutamine, such as DNA damage response and Akt/Pi3K,
are also related to glutamate. However, no direct link exists between glutamate and
the Akt/Pi3K pathway or DNA damage in tissues other than the brain [79]. Still,
these results suggest that o-xylene may be used as a marker of the DNA damage
response as a result of exposure to carcinogens like B[a]P. However, since o-xylene is
considered exogenous, this hypothesis needs to be confirmed by future research.

8.5.3 Decanal and nonanal

Decanal and nonanal are aldehydes that were downregulated after exposure to B[a]P.
These aldehydes are produced as a result of normal physiological processes such as
signal transduction, proliferation and gene regulation [8], which may be disrupted by
the B[a]P exposure. Decanal was positively correlated with glutamate and glutamine
and negatively correlated to dimethylamine and myo-inositol, whereas nonanal was
only negatively correlated with myo-inositol. As stated above, glutamine is involved in
several processes, mainly the biosynthesis of proteins and lipids, and is associated with
DNA damage responses and Akt/Pi3K. Glutamate is a precursor for glutamine [78],
suggesting that the same processes can be linked to both. Dimethylamine is a degra-
dation byproduct of assymetric dimethylarginine (ADMA) [80], which in turn is pro-
duced as a result of protein degradation [81]. No evidence exists that B[a]P directly
induces proteolysis, but proteolysis has been linked to apoptosis [82]. In terms of path-
ways, dimethylamine is positively correlated with for instance the WikiPathway DNA
damage response and negatively correlated with most of the pathways in WikiPath-
ways cluster 2, which includes pathways related to the cell cycle and normal biological
processes. The latter metabolite, myo-inositol, is a glucose isomer [83] and is involved
in a multitude of processes such as cell signaling and proliferation. Interestingly, it
can inhibit the Akt/Pi3K pathway [83], which is represented in most BioCarta path-
ways. For example, the BioCarta Gleevec pathway describes cell proliferation and is
negatively correlated with myo-inositol. Since Akt promotes cell proliferation [84], the
data suggests that the level of myo-inositol is increased to combat over-proliferation.
Another BioCarta pathway, PTEN, was positively correlated with myo-inositol levels,
which means it was also upregulated after exposure. This pathway mainly revolves
around apoptosis and cell cycle arrest; the opposite of the Gleevec pathway. These
results support the same conclusion that level of myo-inositol is upregulated as a com-
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pensation mechanism for over-proliferation and potential tumor formation. Decanal
and nonanal are therefore potential markers of proliferation and apoptosis, which is
in concordance with the hypothesis that they are produced by proliferation, signal
transduction and gene regulation [8].

8.5.4 Unknown VOC

Finally, the unknown VOC was found in a lower concentration after exposure to
B[a]P and was positively correlated with glutamine and negatively correlated with
tyrosine. Since glutamine-uptake is reduced after B[a]P exposure, the unknown VOC
may be related to DNA damage similarly to octadecane. Additionally, it was neg-
atively correlated to tyrosine, which was heightened after exposure. Tyrosine is a
non-essential amino acid that is involved in a multitude of signal transduction path-
ways [84]. In addition to being present in the cell culture medium, it is synthesized
by mammals from the amino acid phenylalanine [84], which is also present in the cell
culture medium. Tyrosine is positively correlated with WikiPathways cluster 1, which
contains a variety of signaling pathways. This indicates that upon B[a]P exposure,
signal transduction pathways are upregulated, resulting in a larger uptake of tyrosine
from the medium and potential upregulation of tyrosine biosynthesis from phenylala-
nine to supply these upregulated pathways. These findings suggest that the unknown
VOC may be indicative of alterations in signal transduction.

8.5.5 Conclusion

Summarizing, five of the six discriminatory VOCs had significant correlations with one
or more metabolites. These results in combination with established literature suggest
that the alkane octadecane is a likely biomarker of oxidative stress. O-xylene may
be linked to DNA damage responses, nevertheless it is considered exogenous, so the
evidence for this link needs further investigation. Moreover, the results obtained for
decanal and nonanal support the scientific evidence that the aldehydes are potential
markers of cell proliferation and apoptosis. Finally, the unknown VOC is related to
tyrosine, which suggests a link with signal transduction. However, without a chemical
identity of this VOC, the current findings are only speculations.

In conclusion, several possible insights on alleged endogenous sources of VOCs have
been identified, yet it is important to note that association does not equal causation. It
is, therefore, essential that these findings are validated in in vitro models by sampling
headspace VOCs after for instance manipulation of the above identified pathways.

8.6 Supplementary Materials
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Table 8.S1: The discriminatory VOCs, their CAS numbers and informa-
tion about whether they were present in higher or lower concentrations
after exposure.

VOC name CAS number Up/down in exposed
Isopropyl Alcohol 67-63-0 Up
O-Xylene 95-47-6 Down
Nonanal 124-19-6 Down
Decanal 112-31-2 Down
Octadecane 593-45-3 Up
Unknown NA Down

Table 8.S2: The discriminatory intracellular metabolites and their respec-
tive CAS numbers. Additionally, information was included about whether they
were present in higher or lower concentrations after exposure.

Metabolite name CAS number Up/down in exposed
Tyrosine 60-18-4 Up
Myo-inositol 87-89-8 Up
Glutamate 56-86-0 Down
Dimethylamine 124-40-3 Up
Glutamine 56-85-9 Down

Table 8.S3: Full names of the BioCarta pathways. The up- or downregulation
of each pathway after exposure compared to controls is included.

pathway name Up/down in
exposed

PTEN PATHWAY Up
MTOR PATHWAY Down
FEEDER PATHWAY Up
EIF4 PATHWAY Down
AHSP PATHWAY Down
ACH PATHWAY Down
RAC1 PATHWAY Down
P35ALZHEIMERS PATHWAY Down
HCMV PATHWAY Up
GLEEVEC PATHWAY Down

198



Table 8.S4: Full names of the KEGG pathways. The up- or downregulation of
each pathway after exposure compared to controls is included.

pathway name Up/down in
exposed

Rna Polymerase Up
Regulation Of Autophagy Up
Glyoxylate And Dicarboxylate Metabolism Up
Taste Transduction Down
Parkinsons Disease Up
Oxidative Phosphorylation Up
Peroxisome Up
N Glycan Biosynthesis Down
Huntingtons Disease Up
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Table 8.S5: Full names of the Reactome pathways. The up- or downregulation
of each pathway after exposure compared to controls is included.

pathway name Up/down in
exposed

Ngf Signalling Via Trka From The Plasma Membrane Up
Immune System Up
Signaling By Fgfr In Disease Up
Signalling By Ngf Up
Signaling By Erbb2 Up
Signaling By Fgfr Up
Diabetes Pathways Up
Downstream Signaling Of Activated Fgfr Up
Metabolism Of Carbohydrates Down
Nucleotide Excision Repair Down
Activated Tlr4 Signalling Up
Signaling By Egfr In Cancer Up
Cytokine Signaling In Immune System Up
Global Genomic Ner Gg Ner Down
Toll Receptor Cascades Up
Neurotransmitter Receptor Binding And Down-
stream Transmission In The Postsynaptic cell

Up

Myd88 Mal Cascade Initiated On Plasma Membrane Down
Developmental Biology Up
Trif Mediated Tlr3 Signaling Down
Phospholipid Metabolism Down
Platelet Activation Signaling And Aggregation Up
Innate Immune System Down
Rna Pol Ii Transcription Up
Traf6 Mediated Induction Of Nfkb And Map Kinases
Upon Tlr7 8 Or 9 Activation

Down

Transmission Across Chemical Synapses Up
Metabolism Of Lipids And Lipoproteins Up
Cell Surface Interactions At The Vascular Wall Up
Generic Transcription Pathway Up
Dna Repair Down
Nfkb And Map Kinases Activation Mediated By Tlr4
Signaling Repertoire

Down

Signaling By Scf Kit Up
Trans Golgi Network Vesicle Budding Down
Pol Switching Down
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Table 8.S6: Full names of the WikiPathways. The up- or downregulation of
each pathway after exposure compared to controls is included.

Pathway Name Up/down in
exposed

VEGFA-VEGFR2 Signaling Pathway Down
DNA Damage Response Up
T-Cell antigen Receptor (TCR) Signaling Pathway Up
miRNA Regulation of DNA Damage Response Up
Integrated Breast Cancer Pathway Up
Mesodermal Commitment Pathway Down
Endoderm Differentiation Down
EGF/EGFR Signaling Pathway Down
Structural Pathway of Interleukin 1 (IL-1) Up
Adipogenesis Down
Angiopoietin Like Protein 8 Regulatory Pathway Up
Toll-like Receptor Signaling Pathway Down
Myometrial Relaxation and Contraction Pathways Down
G1 to S cell cycle control Down
G Protein Signaling Pathways Down
Regulation of toll-like receptor signaling pathway Down
Brain-Derived Neurotrophic Factor (BDNF) signal-
ing pathway

Down

Cell Cycle Down
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Chapter 9. Summary & Discussion

9.1 From bedside to bench

Breathomics research is a type of omics research that involves the measurement of
Volatile Organic Compounds (VOCs) in the exhaled breath [1]. The research de-
scribed in this thesis revolves around the clinical use of the analysis of VOCs in
respiratory conditions related to pulmonary bacterial infections and interstitial lung
diseases.

The thesis starts in chapter 2 with a review of the current knowledge concerning
data preprocessing and analysis that is needed for exhaled breath research.

Then a collection of chapters describes a journey from the bedside to the bench.
The scientific studies described in chapters 3, 4 and 5 were performed at the bedside
where VOCs in the exhaled breath of patients and healthy controls were sampled and
measured to determine whether groups of patients could be discriminated from healthy
controls. Four diseases were examined: Ventilator-Associated Pneumonia (VAP),
idiopathic pulmonary fibrosis (IPF), connective tissue disease-associated interstitial
lung disease (CTD-ILD), and sarcoidosis.

In these studies, two challenges were identified. The first was reproducibility
of clinical exhaled breath studies, due to a lack of standardization, validation and
adequate use of statistics. The second challenge was the lack of biological knowledge
of the endogenous source of VOCs. The former challenge was further studied in
chapter 5, where different types of validation were tested on a case study.

The latter challenge was investigated at the bench in chapters 6, 7 and 8. In
chapter 6, bacteria were cultured in vitro to examine which VOCs were exclusively
and collectively excreted by specific bacterial strains. Chapter 7 investigated the
endogenous sources of VOCs excreted in vitro by exposing cells to a well-understood
carcinogen. Finally, chapter 8 used the same set-up, but added transcriptomics
and metabolomics to the breathomics data to identify associations between excreted
VOCs and cellular processes to gain further knowledge of the biology behind excreted
VOCs.

9.2 General discussion

9.2.1 Breathomics in lung diseases

Breathomics has the promise to be used for diagnosis and monitoring of disease.
Exhaled breath contains VOCs in nmol/l to pmol/l concentrations in addition to the
presence of nitrogen, oxygen, carbon dioxide and noble gases [1, 2]. VOCs in the
exhaled breath can originate from inhaled exogenous sources such as air pollution
and vegetation, and from habits such as smoking and food intake [3, 4]. VOCs in the
exhaled breath can also be produced endogenously as by-products of normal cellular
metabolism and can diffuse into the alveoli from the blood or directly from the lung
tissue [5]. Since the concentration of VOCs can be altered by disease and since the
lungs are in direct contact with the exhaled breath, the lungs are a suitable candidate
to examine the value of exhaled breath analysis.

Since 1985, hundreds of exhaled breath studies have been published on a variety of
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lung diseases, including different forms of obstructive, restrictive and infectious lung
disease [6].

Obstructive lung disease is characterized by airway obstruction, leading to dif-
ficulty breathing. The two main forms of obstructive lung disease are asthma and
chronic obstructive pulmonary disease (COPD). The use of exhaled breath in these
two forms of obstructive lung disease has been investigated frequently [7–25].

In the field of infectious lung diseases, many studies have been performed exam-
ining the headspace of bacterial cultures in vitro [26–41]. In chapter 6, we studied 4
pulmonary bacteria and were able to distinguish these based on a profile of 25 VOCs.
Additionally, we were able to discriminate between methicillin-sensitive S. Aureus
(MSSA) and methicillin-resistant S. Aureus (MRSA). Many of the identified VOCs
were previously found in literature, some of which were specific for one strain, whereas
others were produced by multiple strains.

Only two clinical studies were published on infectious lung disease, specifically
VAP [42, 43], of which the latter reference refers to chapter 3. The second study
was performed by Fowler et al. using a similar set-up to measure the exhaled breath
of mechanically ventilated patients. Fowler et al. studied a group of VAP patients
over time and found differential breath VOC profiles of the presence or absence of
pathogens at each time point. In our VAP study, we included critically ill patients
with and without VAP (32 vs. 68 patients) and found that a profile of 12 VOCs could
discriminate between critically ill mechanically ventilated patients with and without
VAP. The results from both studies suggest that detection of VAP in ICU patients
is possible with exhaled breath analysis, enabling a simple, safe and non-invasive
approach that could diminish the diagnostic burden of VAP. However, there is no
overlap between the discriminating VOCs found in the two studies, and a translation
from the in vitro studies towards the clinical outcomes still has to be made to link
exhaled VOCs to specific bacterial infections.

The application of breathomics in restrictive lung diseases has not received much
interest from the scientific community. Previously, a study was performed that mea-
sured exhaled ethane levels as a marker of various interstitial lung disease (ILD)
subtypes and found higher ethane levels in ILD patients compared to healthy con-
trols [44]. Additionally, Yamada et al. were able to distinguish between IPF patients
and healthy controls using 5 exhaled VOCs [45]. Moreover, Westhoff et al. performed
a pilot study with 5 patients with confirmed sarcoidosis and 4 with suspicion of sar-
coidosis [46]. However, as the aim was to assess the feasibility of their method, they
did not perform selection of discriminatory VOCs. As an addition to the current
literature, chapters 4 and 5 describe two studies on patients with a total of three
ILD subtypes. The aim of chapter 4 was to investigate whether differential diagnosis
of IPF and CTD-ILD was possible. Chapter 5 used sarcoidosis as a case study to
examine the effect of different types of study validation.

Various articles on the application of exhaled breath in respiratory disease have
been reviewed in the introduction of this thesis and can be found in table 1.1. These
studies demonstrate the proof of principle that breathomics can be used to discrimi-
nate certain group of patients. However, sample sizes are small and the results differ
between studies due to using different platforms and approaches, hampering the ap-
plication of exhaled breath analysis as a diagnostic tool in the clinic.
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Taking together our results and those from the literature, it seems difficult to
obtain reproducible results for heterogeneous diseases such as ILD with multiple
phenotypes. The challenge in this clinical field is obtaining appropriate numbers
of well-phenotyped patients, setting up multicenter studies and investigating in the
standardization of sampling procedures and measurement platforms.

9.2.2 Sampling of exhaled breath

In the exhaled breath community, a variety of sampling set-ups are used to collect the
exhaled breath. Generally, these can be divided into three categories: (i) upper airway
collection, (ii) alveolar air collection and (iii) mixed air collection. Each method has its
advantages and disadvantages, which need to be considered carefully before choosing
one over the others.

� Upper airway collection, where the dead space in the lungs is sampled, which is
approximately one third of the air present in the lungs at any given time [47].
This method may be useful in the case of nitric oxide (NO) measurements, since
NO is excreted into the dead space air [48].

� Alveolar air collection, where only the air is sampled that came in con- tact with
the alveoli where most of the gas exchange takes place. In principle, alveolar air
is the preferred lung compartment to measure in when measuring endogenously
formed VOCs. In essence, the presence of dead space air would simply dilute the
VOCs that are excreted in the alveolar air [49]. In order to sample the alveolar
air fraction in the lungs, a CO2 monitoring device is needed to ensure that the
dead space is not collected. The method is based on the fact that CO2 gas
exchange only occurs in the alveoli. This results in a high CO2 concentration in
the air that directly originates from the alveoli in contrast to much lower levels
in the dead space air. The monitoring device will monitor the CO2 levels and
will capture the air when the CO2 levels reflect that of the alveolar air. This
monitoring device needs to be connected to a Tedlar® bag or gas syringe in
which the air can be collected.

A recent innovation is a device developed by the breathe-free community called
the RECIVA Breath sampler [50, 51], which allows researchers to sample the
exhaled breath reliably. Pressure and CO2 sensors are incorporated into the
device that allow sampling of specific fractions of the exhaled breath, including
the alveolar air. The VOCs are immediately transferred to a thermal desorption
tube without needing a (Tedlar) bag, reducing the interference of analytical
artifacts. Finally, a clean air source can be incorporated to prevent interference
of unwanted environmental VOCs.

� Mixed air collection, where both the alveolar air and the dead space are collected.
This collection method was used in the clinical studies described in this thesis,
since no a priori restrictions need to be set, so there is no need for sophisticated
equipment. Moreover, although the simplicity of this method may introduce
confounders, their distribution will be equally spread among patients and should
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thus not introduce significant differences. Mixed air sampling is therefore more
suitable for a dedicated clinical application.

9.2.3 The use of Tedlar® bags and thermal desorption

Off-line MS-based methods collect the exhaled breath at a different location than
the measurement equipment [52]. This is for instance possible using Tedlar ® bags
utilized in our research. Patients breathe into these bags, after which the VOCs
are preconcentrated on thermal desorption tubes that contain VOC-capturing carbon
material. Use of these bags is convenient and simple as a participant simply breathes
into the bag at a normal rate until the bag is full, and thus is very suitable for wide-
spread use. Additionally, they are available in different sizes, ranging from 250 mL to
5 L, allowing for selection of the appropriate volume for a specific patient population
such as children.

On the other hand, on-line measurements allow for direct and time-dependent
analysis of exhaled breath, but require advanced mechanical set-ups to perform the
sampling. Still, on-line measurements are more suitable for use in for example a
clinician’s office or when real-time measurements are required. For large-scale clinical
studies, off-line methods may be more suitable as Tedlar® bags are inexpensive and
can thus be used for large-scale collection of exhaled breath.

Tedlar® bags do have a downside as the material excretes phenol and N,N-
dimethylacetamide into the exhaled air it contains [53]. It is therefore important
that the VOCs in the Tedlar® bags are transferred to a thermal desorption tube
as quickly as possible to reduce the degree of contamination. There is still a risk
of identifying these two VOCs as discriminatory since the concentrations at which
they are excreted are not consistent across samples [54]. For that reason, these con-
taminating compounds are removed in the studies described in this thesis during the
pre-processing stage before the actual analysis of the data begins. However, sometimes
phenol shifts in the MS chromatogram, and is thus not removed. Yet, since phenol
is also produced endogenously, if discriminatory, it is likely due to this endogenous
production [55]. Another potential downside of using the Tedlar® bags is that the
dead space is included when no CO2 monitoring device is used. However, because the
VOCs in the bag are preconcentrated, the overall sample is not diluted. Sampling
mixed exhaled air has several advantages such as the simplicity of the method and
the inclusion of VOCs excreted higher up in the lungs.

In order to store the exhaled breath samples for a longer time, the VOCs are
transferred from the bag to a thermal desorpton tube. However, no clear consensus
exists about the length of time or the temperature at which a thermal desorption tube
can be stored. Temperatures used range from -80°C to room temperature [52], but
no evidence exists in favor of any particular temperature. Additionally, the preferred
length of time to store the tubes differs between researchers, from 2-3 hours to up
to a several months. Swift measurement of the samples is especially difficult in large
clinical studies. However, Schee et al. found no differences in the diagnostic accuracy
of samples measured after transportation and storage up to 14 days [56]. Still, the
stability of captured VOCs during long-term storage has not yet been investigated.
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9.2.4 Mass spectrometry

A detailed comparison between the different forms of mass spectrometry has been
summarized previously [57]. Briefly, SIFT-MS, PTR-MS and IMS can perform real-
time measurements where the exhaled breath collected from a participant is directly
injected into the mass spectrometer. GC-MS, on the other hand, is an off-line mea-
surement that requires preconcentration of the volatiles. The limit of detection for
all methods ranges from parts per billion volume to parts per trillion volume. Of all
methods, GC-MS is considered the method with the highest sensitivity and speci-
ficity [57].

In our experiments, we use off-line sampling by GC - time of flight - MS (GC-tof -
MS) in combination with thermal desorption. First, the thermal desorption tubes are
heated, releasing the VOCs captured within them. These are then separated using gas
chromatography [58]. In gas chromatography, a mobile phase transports the VOCs
through a column that is coated with a stationary phase. Each VOCs has a different
affinity for both phases, causing the compounds to elute at a different time, known
as the retention time. After this separation, the VOCs are further separated by tof -
MS [59] where the VOCs are accelerated by an electric field so that they obtain a
certain stable amount of kinetic energy per ion. The time it takes for a compound to
reach the detector is measured as the retention time. This combination of GC and
tof -MS results in successful separation of the VOCs from the exhaled breath. The
mass spectrometer then measures the mass spectra for each peak, so that chemical
identification is possible [60].

However, it is important to note that reliable chemical identification of VOCs is
difficult. For instance, co-elution of different VOCs in a chromatogram occurs when
two or more compounds are not completely separated by gas chromatography and will
therefore not show up as separate peaks in the chromatogram [61]. If this peak is then
selected as discriminatory, it is difficult to obtain a reliable chemical identification due
to mixed mass spectra. Additionally, a National Institute of Standards and Technol-
ogy (NIST) library is generally used to match the mass spectra to a specific VOC, but
not all measurable VOCs are present in this library, hence impeding reliable chemi-
cal identification. It is therefore important that an experienced mass spectrometrist
validates the identities found in the NIST library. Morover, constructing an in-house
database by measuring pure VOCs on the mass spectrometer will allow for additional
confirmation of the correct identity of a VOC.

It may be of interest to propose minimum reporting standards with respect to
the chemical identification of VOCs in a study, as it is difficult for a reader to deter-
mine how confident the researchers are of the identity of a VOC. Minimum reporting
standards are present in other fields that require chemical identification, such as the
metabolomics and proteomics fields [62, 63].

9.2.5 Data preprocessing and analysis

Chapter 2 reviews the necessary steps of data pre-processing and data analysis
for GC-MS and ion-mobility spectrometer combined with a multi-capillary column
(MCC-IMS).
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9.2.5.1 Data preprocessing

Since the analytical methodology can introduce non-biological artifacts in the data, it
is essential to properly pre-process the data. Pre-processing of GC-MS data generally
starts with log transformation for transforming heteroscedastic noise into homoscedas-
tic noise [64, 65], which can then be removed by a noise removal algorithm. Subse-
quently, baseline correction and normalization are done to produce chromatograms
that can be analysed together without interference from analytical disturbances. Fi-
nally, peak picking is performed to combine peaks corresponding to the same com-
pound across multiple samples. An overview of data pre-processing methods for
GC-MS is described in chapter 2.

9.2.5.2 Statistical data analysis

Statistical data analysis can be divided into three categories: univariate, bivariate
and multivariate statistics.

Univariate statistics is the simplest form of statistics, which takes into account one
variable at a time [66, 67]. For breathomics, univariate statistics will test whether
the mean, median or distribution of one VOC is different between two groups of
participants. The advantage of univariate statistics is that it easily calculated and
interpreted and is widely available, whereas the disadvantage is that it can only test
one variable at a time. A p-value of 0.05 is the common significance threshold for
univariate statistics. This means that there is a 5% chance that a significant p-value is
a false positive result, implying that when thousands of univariate tests are calculated
on a dataset, there is a high likelihood that random events appear as significant.
Multiple testing correction (MTC) methods are used to reduce the chance that false
positives or negatives are generated in this way [68]. Consequently, applying MTC
with univariate statistics is essential.

Bivariate statistics, on the other hand, involves two variables at the same time
and examines the relationship between those two variables. An example of bivariate
statistics is correlation analysis [67]. In breathomics, correlation analysis can be used
to determine whether the exhaled concentration of a VOC is related to a clinical
parameter measured in a patient. An advantage of bivariate statistics is that rela-
tionships between two variables can be identified. Yet, the disadvantage is that only
one relationship can be examined at a time.

Multivariate statistics is an extension of univariate and bivariate statistics where
multiple variables are combined instead of analyzing them one-by-one [67, 69, 70].
There are several advantages to using multivariate statistics to analyse datasets con-
taining thousands of variables. First, unsupervised methods such as principal com-
ponents analysis (PCA) allow for dimension reduction of the data, resulting in fewer
variables and aiding interpretation [70]. Other unsupervised multivariate techniques
such as hierarchical clustering can show groupings in the data that would not be
visible while utilizing univariate statistics [70]. The advantage of an unsupervised
method is that it does not require any additional information such as class labels, i.e.
it does not need to know to which group a sample belongs. These methods do not,
however, actively discriminate between two groups of samples. For that, supervised
methods are used. The advantage of these methods is that a priori knowledge such
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as class labels are specified beforehand, and the algorithm looks for the best way to
separate the groups based on that knowledge. For most methods, selection of the
most important variables is possible. Since thousands of VOCs can be measured at
the same time in breathomics, variable selection by supervised multivariate statistics
enables researchers to select a subset of VOCs that can differentiate between the study
subject groups. In order to validate the performance of a multivariate model, an ar-
ray of significance measures can be used, including sensitivity, specificity, likelihood
ratios, receiver operating characteristic curves and overall predictions.

The advantage of multivariate statistics is that it takes into account the combined
effect of VOCs. Moreover, it allows for identification of relationships between the
compounds. Multivariate statistics seems the most suitable statistical method to use
in exhaled breath analysis, as VOC profiles will likely be superior for the detection
of disease than individuals. This is especially the case in in vitro studies, where the
concentrations of excreted VOCs are lower than in the exhaled breath, and will thus
most likely not be individually significant, especially after MTC. Several multivariate
statistical methods that are suitable for breathomics are reviewed in chapter 2.

Yet, the main disadvantage of supervised multivariate statistics is overfitting [71].
Overfitting is the concept where a multivariate model is created on a specific group of
samples in a study that do not accurately represent the true population. When this
model is applied to subjects with the same disease, but in a different study population,
the model will not be able to predict those samples, making the results irreproducible.
Overfitting can be prevented by applying proper (external) validation of the technique
and by optimization of the procedures.

9.2.6 The reproducibility crisis

In 2015, the scientific community was shocked to learn that the majority of psychology
studies were found irreproducible [72]. Reproducibility in science is a concept that
states that when studies on the same subject or problem are performed, the same or
similar results should be found. This ”reproducibility crisis” does not limit itself to
psychology research, but extends also to the biomedical field, including omics research
[73, 74]. In breathomics, a similar pattern emerges. A handful of systematic reviews
have been published that compare the outcome of different studies on similar diseases.
These reviews found little overlap in the identified VOCs between the studies. For
example, van de Kant et al. [75] included a total of 73 studies on lung cancer, COPD,
asthma, cystic fibrosis (CF), tuberculosis (TB), acute respiratory distress syndrome
(ARDS) and ILD. Lung cancer was mainly represented, with 34 included articles. Of
the 118 VOCs identified in the 73 studies, 53% were found only once in a disease.
For lung cancer, 57 VOCs (48%) were found more than once. For the other diseases,
only a handful of VOCs were found in multiple studies: three VOCs for ARDS and
CF, and two VOCs for asthma. Only eight VOCs were found in more than 5 studies,
all of which were found in lung cancer. Consequently, these 8 most promising VOCs
were found in only 15% of all included lung cancer studies. In two other systematic
reviews, a 14% and 7% overlap was found in discriminatory volatiles for COPD [76]
and asthma [77] respectively.

This lack of reproducibility in breathomics can be attributed to a number of
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factors. First and foremost, the studied diseases are complex and affect the entire
metabolism, so small differences in patient phenotypes between studies may change
the exhaled VOC profiles. Other factors that play a role include differences in study
design, technology platforms, sampling, clinical phenotyping, a lack of standardized
protocols, selective reporting of positive findings, misinterpretation of non-biologically
introduced noise and poor documentation [78]. This combination between complex
diseases and the above-mentioned differences between studies results in identification
of different sets of biomarkers that are predictive of disease. Breathomics researchers
deal with extremely complex datasets that contain thousands of variables, where bias
can be introduced at every step, starting from sampling up to the data analysis.
It is therefore of the utmost importance that counter measures are taken to ensure
reproducibility of breathomics research.

Two examples of these counter measures will be described below: standardization
and study validation.

9.2.6.1 Standardization

The volatile organic compounds in our exhaled breath are easily influenced by subtle
changes in the environment or differences between subjects in a study. For instance,
Blanchet et al. [79] found that gender, age, BMI and smoking behaviour significantly
influenced the pattern of VOCs in the exhaled breath. Controlling for variation in
sampling methodology is also important as it was shown that ethanol and acetone
levels fluctuated with different expiratory flow rates [80]. It is also known that specific
diets influence the exhaled breath [81, 82], where Baranska et al. [82] showed that
gluten-free diet altered the pattern of exhaled VOCs, which reverted back to the
old state when the gluten-free diet was halted. In addition to biological variation,
analytical variation can introduce bias. As is described above, different sampling
methods exist, for instance alveolar air versus mixed air sampling or off-line versus
on-line measurements. Also, different mass spectrometer set-ups can introduce bias in
the chromatograms. Yet, inter-laboratory comparisons have not yet been performed
by the exhaled breath community.

All of these pieces of evidence point to one thing: standardization is a factor
that needs to be considered carefully during the designing stage of a breathomics
study. Improving standardization can be relatively straight-forward and has been
done for other omics fields. For instance, standard operating procedures (SOPs) for
genome annotations for a gene’s name, or biological function have been established
in 2008 [83]. For metabolomics, SOPs exists for pre-analytical handling of blood and
urine [84]. No such thing has been done yet for the field of breathomics, yet could
have great value.

9.2.6.2 Study validation

In order to ensure reproducibility of an individual study, it is important to add some
form of statistical validation. There are many forms of statistical validation, which
can be divided into internal and external validation.

Internal validation is a type of statistical validation where part of a collected
dataset is set aside to validate a model. The model is created on the remaining data
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and is projected onto the data that was set aside. Several types of internal validation
exist. Leave-one-out and leave-k-out cross validation both greatly overestimate the
predictive capacity of the model and thus do not give a correct estimate of the repro-
ducibility of a study [85]. Bootstrapping, where a subset is set aside and a model is
created many times with replacement, gives the most reliable estimate of the internal
validation methods [85]. However, if the study population does not reflect the true
patient population, internal validation will not be enough.

For that reason, external validation is essential. For true external validation, a
dataset is needed from a different study. For instance, the predictive model is created
on a study from one hospital, and is validated on a study from a different hospital, but
with the same patient population [86]. This approach was taken in chapter 5, where
VOCs were selected based on one study and validated in another. The predictive
power of different validation methods was also reported.

9.2.7 The biological origin of VOCs

Another challenge in the field of breathomics is that the biological source of most
discriminatory VOCs is not known. A complicating factor is that many exhaled
VOCs are exogenously produced by pollution, plants and bacteria [26, 87–89]. These
VOCs can enter the body through inhalation and afterwards end up in the exhaled
breath.

A lot of research has been performed on the endogenous sources of VOCs ex-
creted by different disease-causing bacteria [27–41]. Chapter 6 also examined the
VOCs excreted by five bacterial strains commonly found in ventilated patients in
the intensive care unit. Several strain-specific VOCs were discovered, and some were
commonly found derived from multiple strains. The hypothesized origins of VOCs
produced by bacteria fall into the following categories: (i) hydrocarbons produced via
the methylerythritol phosphate pathway or β-oxidation of fatty acids, (ii) alcohols pro-
duced through the oxidation of fatty acids, (iii) acids due to anaerobic metabolism,
(iv) aldehydes derived from oxidative metabolism, (v) ketones produced during de-
carboxylation of fatty acid derivatives, (vi) cyclic compounds of which the biological
origin remains largely unknown, (vii) esters as a result of esterification between acetic
acid and alcohols, (viii) S-containing compounds mostly of unknown origin and (ix)
N-containing compounds resulting from amino acid breakdown [26, 40, 41].

In contrast, the endogenous human source of only a handful of VOCs is known.
For instance, dimethylsulfide is responsible for fetor hepaticus, also known as breath
of the dead which is a late sign of liver failure [90, 91]. Another example is acetone,
which is exhaled during ketoacidosis as a result of diseases like diabetes and sepsis
[92, 93]. For many other VOCs, the endogenous sources have been hypothesized, but
have not been proven. Hydrocarbons are thought to be produced by oxidative stress
and lipid peroxidation as a result of disease [94], whereas the hypothetical source of
aldehydes is normal physiological processes including gene regulation, proliferation
and signal transduction [95]. In chapters 7 and 8, we have attempted to identify
putative targets of endogenous production of specific VOCs. Both chapters have
pointed to several likely endogenous sources of VOCs. Nonanal was identified as the
most promising candidate biomarker for exposure to genotoxic chemicals due to its
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correlation to apoptosis and proliferation pathways in chapter 8.

9.3 Conclusion and future perspectives

In conclusion, this thesis describes the progression of exhaled breath research from
bedside to bench, starting with clinical studies to diagnose lung diseases and ending
with dedicated in vitro experiments to elucidate the endogenous sources of exhaled
VOCs. In the discussion of this thesis, several challenges were addressed that need
to be faced in breathomics. Reproducibility needs to be ensured by more stringent
standardization through establishing SOPs and by using external validation. Multi-
variate statistics with predictive modelling in combination with external validation
will enable researchers to examine the validity of the identified VOCs. Finally, gain-
ing more biological insight in the endogenous sources of exhaled VOCs will enable
researchers to connect these to biological processes of disease. It thus will allows for
disease monitoring instead of diagnosis alone. However, a collective effort is needed
from the entire community to meet these challenges and to ensure that exhaled breath
analysis can one day be used to help patients.

9.4 Main Findings

Exhaled breath analysis can discriminate critically ill patients
with and without VAP

The aim of the study in chapter 3 was to identify VOCs that could discriminate
between critically ill patients with VAP and those without VAP.

Summary of the main findings of the thesis

� Distinction between patients with and without VAP was 74.2% accurate with 12
VOCs in the exhaled breath. One other published study reported an accuracy of
98%, but examined a less heterogeneous group [42]. Bronchoalveolar lavage is
the golden standard, but is laborious, time-consuming and takes up to 48 hours
before definitive results are available. Exhaled breath analysis, a non-invasive
and relatively fast technique, may therefore be suitable for clinical diagnosis of
VAP.

� Likely sources of other VOCs were identified using pathway analysis and litera-
ture. The KEGG database encompasses 520,153 pathways for 5,257 organisms
(of which 4,290 bacteria) that mainly focus on metabolism [96]. Most common
infectious bacteria are present in the database, so VOCs produced in a metabolic
pathway can be traced back to a specific strain. For instance, ethanol and 2-
propenal were found to be linked to bacterial and human metabolism. The likely
source of the (branched) alkanes heptane, 2-methylbutane, dodecane, tetrade-
cane and tetradecanal were found using literature research. These were pro-
duced as a result of oxidative stress and lipid peroxidation [94]. Additionally,
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ethylbenzene, tetrahydrofuran and caraneSeveral were identified as pollution-
derived VOCs. Other discriminatory VOCs likely originated from the host, such
as acetone, which was elevated in VAP patients. It is produced due to build-up
of ketone bodies, which was found previously occurs during sepsis [93], sug-
gesting that the exhaled acetone was due to varying degrees of sepsis in these
patients.

Implications

The current golden standard, bronchoalveolar lavage, for VAP diagnosis is time-
consuming and invasive. Additionally, antibiotic resistance is a rapidly emerging
problem, especially in the ICU. Both of these problems may be solved by the use of
exhaled breath analysis, which could result in earlier diagnosis of VAP in critically
ill patients. This earlier diagnosis could reduce the use of preventive antibiotics and
thus slow down the emergence of multidrug resistant microorganisms. The findings
of this study are promising, but need to be validated in a larger study population.
Additionally, determining whether exhaled VOCs can distinguish different bacterial
infections would be extremely valuable, as it would allow clinicians to provide patients
with tailored antibiotic treatments, thus once more possibly slowing down the rise in
antibiotic resistance.

Exhaled breath can distinguish between idiopathic pulmonary
fibrosis and ILD-CTD, but the results may not be replicable in
an independent validation study

Differential diagnosis of interstitial lung diseases (ILD) is difficult, warranting a non-
invasive and quick method to achieve this. Chapter 4 describes discrimination be-
tween idiopathic pulmonary fibrosis (IPF) and connective tissue disease-associated
ILD (CTD-ILD).

Main findings and discussion

� A discriminative profile of 16 VOCs could distinguish between 51 IPF and 53
CTD-ILD patients. The multivariate model achieved a predictive accuracy of
76.9%. Of these VOCs, several are associated with the specific forms of ILD.
For instance, heptane was decreased in the breath of IPF patients compared
to the CTD-ILD patients, suggesting a role for this VOC in the pathology of
IPF. Three other VOCs of interest were dimethylsulfide and dimethylsulfone.
Dimethylsulfide was decreased in IPF vs. healthy controls, whereas the level of
dimethylsulfone increased in IPF compared to CTD-ILD. The presence of these
two volatiles can be explained by enhanced production of hydrogen peroxide by
NADPH oxidase 4, activated by transforming growth factor which is considered
the hallmark of IPF.

� VOCs were identified that could discriminate between both diseases and healthy
controls. A profile of 34 VOCs could discriminate between IPF patients and
healthy controls, whereas 11 unique VOCs were able to distinguish CTD-ILD
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patients from healthy controls. Only one VOC overlapped between these two
comparisons, namely ethanol, which was decreased in both forms of ILD. It
likely originates from the human body, where its formation in the human body is
influenced by various physiological circumstances and can be hampered by both
ageing and oxidative stress, two conditions frequently reported to be associated
with ILDs in general and IPF specifically.

� Associations were found between the IPF vs. CTD-ILD VOC profile and total
lung capacity and the 6 minutes walking distance. Interestingly, Yamada et
al. found similar associations between exhaled VOCs and clinical lung function
parameters, underlining the usefulness of breathomics in the diagnosis of ILD.

� These findings may not be reproducible as internal validation was not achieved.
However, due to the heterogeneous nature of ILD, the patient numbers may not
have been large enough. The majority of VOCs in each of the 3 discriminatory
models only reached a statistically significant power when the number of indi-
viduals in each group would be 6 to 7 times larger. These findings suggest that
larger participant groups may have allowed for successful validation, but are no
guarantee.

Implications

This study reports for the first time that differentiation of IPF and CTD-ILD as well
as distinguishing both diseases from healthy controls. Additionally, an ILD-specific
VOC profile was correlated to clinical parameters. However, due to the heterogeneous
nature of ILD, larger studies are warranted to validated these findings and to facilitate
fast, non-invasive and proper differential diagnosis of specific ILDs in the future.

External validation is essential to ensure reproducibility in ex-
haled breath studies

Reproducibility is a major issue in exhaled breath research. In chapter 5, sarcoidosis
was used as a case study to examine the use of different types of validation, especially
independent external validation, and their effect on the reproducibility of the findings.

Main findings and discussion

� Nine VOCs could discriminate sarcoidosis patients from healthy controls with
an accuracy of 79.4%. At present, only a small-scale feasibility study has been
published on sarcoidosis, but did not select discriminatory VOCs or report a
predictive accuracy [46].

� A comparison of different types of validation demonstrated that internal val-
idation methods such as leave-k-out produced the most optimistic prediction,
whereas external validation had the least optimistic prediction. This was in
concordance with previous research that has shown that leave-1-out cross-
validation is an incomplete measure and overestimation of the predictive power
of a model [85]. Bootstrapping is the most robust internal validation method.
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However, external validation remains the best representation of the true predic-
tive power of a model [85].

� Indirect external validation was achieved, but with low confidence. Direct pro-
jection of the classification model was not successful due to various differences
between the discovery and validation study, such as differences in time and
location, analytical differences between the discovery and validation study, or
a combination of these factors. Indirect external validation was performed by
creating a new model for the previously selected discriminatory VOCs, and
demonstrated a discriminatory accuracy of 74.1%, indicating that the selected
VOCs did have some informative value. However, the confidence of the predic-
tive model was not optimal.

� Only isoprene could be traced back to a putative endogenous source using liter-
ature research. Isoprene is produced by the mevalonate pathway and is likely
related to inactivity due to sarcoidosis-associated fatigue [97, 98]. Conflicting
evidence was found for the other discriminatory VOCs. Most were exhaled in
lower concentrations by patients, but it is therefore unclear what the sources of
these VOCs are.

Implications

This study has demonstrated the necessity of using proper validation methods, prefer-
ably external independent validation, in clinical exhaled breath research. It is there-
fore highly recommended to include an external validation dataset in future studies
to ensure reproducibility.

Strain-specific VOCs were found in vitro

The in vitro study in chapter 6 identified VOCs produced by bacteria that frequently
cause pulmonary infections and exacerbations of various lung diseases including VAP
[99].

Main findings and discussion

� Four strains of bacteria could be distinguished from one another with 25 VOCs
found in the headspace of the bacterial cultures. Fifteen of these were specific for
one strain, whereas the other 10 were found in more than one strain. Seven of
the discriminatory VOCs were hydrocarbons that may be produced as a result of
lipid peroxidation by bacteria [100]. Five other VOCs were classified as ketone
bodies and were also previously identified in the headspace of P. aeruginosa
and S. aureus [40, 41, 101–105]. Finally, three aromatic hydrocarbons and
three aldehydes were identified. The aromatic hydrocarbons were not found
previously in bacterial cultures, whereas the aldehydes were excreted previously
by E. coli, P. aeruginosa and K. pneumoniae [104, 106].

� A group of 8 VOCs could discriminate between methicillin-sensitive S. Au-
reus (MSSA) and methicillin-resistant S. Aureus (MRSA). These include three
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chlorine-containing compounds, of which the origin needs to be determined.
Others include toluene, an environmental pollutant, and two ketones, produced
by fatty acid decarboxylation [39].

Implications

These findings demonstrate the ability to identify specific bacterial strains based on
a limited group of VOCs in the in vitro headspace. This method could be applied
to aid clinical identification of bacteria, but may also be translatable to an in vivo
situation where exhaled breath could be used to identify specific infections in VAP,
as described in chapter 3. However, no overlap was found in the VOCs identified in
this chapter and the ones in chapter 3.

VOCs are differently abundant in headspace of pulmonary cells
exposed to genotoxic compounds in vitro

Chapter 7 demonstrated that the genotoxic chemicals benzo[a]pyrene (B[a]P) and
cisplatin elicit a cellular response in vitro, resulting in altered concentrations of ex-
creted VOCs in the headspace of two pulmonary cell lines.

Main findings and discussion

� B[a]P exposure resulted in a cellular response with 6 differentially excreted
VOCs, whereas 8 VOCs were differentially excreted after cisplatin exposure.
Three of the differentially excreted VOCs belonged to the class of alkanes.
The presence of alkanes is thought to originate from lipid peroxidation induced
by both genotoxic chemicals [94]. Additionally, two aldehydes were identified,
which are produced as by-products of oxidative metabolism [95].

� The aldehyde nonanal was found in both exposures. The concentration of
nonanal was increased after both exposures and was found previously by Pyo
et al. [107] who also exposed pulmonary cells to cisplatin. This compound may
therefore be a likely candidate for further investigation for use as a biomarker
of genotoxicity-induced apoptosis.

Implications

The study has shown that genotoxic chemicals elicit a response from cells that are
reflected by the excreted VOCs in the headspace of exposed cells. Nonanal especially
is of interest as it was found in both exposures. Additionally, the strategies described
in this chapter could be used as a guideline for future in vitro research on VOCs.

In vitro integrative analysis of transcriptomics, metabolomics
and breathomics identifies likely endogenous sources of VOCs

The final chapter, chapter 8, aimed to identify putative endogenous sources of VOCs
by collecting transcriptomics, metabolomics and breathomics data. Integration and
subsequent correlation analysis of the data was done to find these endogenous sources.
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Main findings and discussion

� Six VOCs, 7 intracellular metabolites (ICMs) and 71 pathways were identified
as discriminatory between exposed and non-exposed cells. The pathways were
divided into 9 KEGG pathways, 10 BioCarta pathways, 19 WikiPathways and
33 Reactome pathways. The BioCarta pathways are mainly characterized by
apoptosis and proliferation pathways that revolve around the Pi3K/AKT path-
way. The KEGG pathways mainly include metabolism pathways like oxidative
phosphorylation and metabolism of n-glycans. The Reactome pathways include
many DNA repair and cancer-related pathways. Finally, the WikiPathways
database found pathways related to cell cycle, apoptosis and DNA damage re-
sponse.

� Canonical Correlation Analysis (CCA) revealed significant correlations between
the three omics datasets. CCA analysis of VOCs and pathways did not yield
significant correlations. The comparisons between VOCs and ICMs, and ICMs
and pathways did yield significant correlations, with a minimum correlation
coefficient of 0.93.

� Correlations between individual VOCs, ICMs and pathways identified clusters of
pathways associated with a certain metabolite, which in turn was associated with
a certain VOC. These associations were combined into a network to visualize
the entire data structure, which was subsequently used to generate hypotheses
for the origin of the identified VOCs. For example, octadecane was negatively
associated with glutamine, which in turn was positively correlated to the path-
ways in WikiPathways cluster 1 and Reactome cluster 1. These clusters contain
cancer-related, dna repair, apoptosis and cell cycle pathways.

� Literature research was performed to validate the putative endogenous sources
of specific VOCs. For instance nonanal, which was found as discriminatory
after exposure to two carcinogenic chemicals in chapter 7, was negatively cor-
related with myo-inositol, which in turn was correlated to most BioCarta path-
ways. These pathways are mainly based on the Akt/Pi3K pathway, which is
up-regulated, thus promoting proliferation [108]. It is therefore hypothesized
that the level of myo-inositol is upregulated as a compensation mechanism for
overproliferation since it can inhibit the Akt/Pi3K pathway [109]. Nonanal may
therefore be produced as a result of this compensation mechanism.

Implications

Several putative endogenous sources were identified for five of the six discriminatory
VOCs. However, it is important to note that association does not equal causation.
Wet-lab validation of these findings is therefore essential. Causative relations can only
be found by measuring headspace VOCs after manipulation of the proposed VOC
producing pathways, using for instance molecular techniques to up- or downregulate
specific pathways using RNAi or CRISPR-Cas9 [110, 111].
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5 Volatile Organic Compounds in Exhaled Breath in Chronic Obstructive Pulmonary Disease.
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Vluchtige organische verbindingen (VOCs) worden gedefinieerd als kool-
stofverbindingen die gemakkelijk verdampen bij kamertemperatuur. Ze kunnen
verdeeld worden in verschillende groepen op basis van hun chemische eigenschap-
pen. VOCs worden geproduceerd door bronnen van exogene (buiten het lichaam) of
endogene (binnen het lichaam) oorsprong. Exogene VOCs worden onder andere ge-
produceerd door vervuiling, planten, voedsel en schimmels. Endogene VOCs worden
geproduceerd door het menselijk lichaam zelf of door bacteriën die zich in het lichaam
bevinden.

Uitademingslucht bevat naast stikstof, zuurstof en andere gassen ook VOCs. Deze
uitgeademde VOCs kunnen zowel van endogene als exogene bronnen komen. Endo-
gene VOCs worden geproduceerd in een weefsel of bacterie in het lichaam en wor-
den getransporteerd naar de longen, waarna ze worden uitgeademd. Exogene VOCs
komen binnen via de longen, huid, of ingewanden en worden na eventueel gebruik ook
getransporteerd naar de longen, waarna ze worden uitgeademd.

Wanneer de concentraties van VOCs in de uitademingslucht worden vergeleken
tussen een ziek en gezond persoon kunnen verschillen worden ontdekt die een indi-
catie geven over de aan- of afwezigheid van ziekte. Het doel van dit proefschrift was
om de verschillende aspecten van het meten van VOCs in de uitademingslucht te on-
derzoeken. Ten behoeve van dit doel zijn zeven studies beschreven in dit proefschrift
om de volgende doelen te behalen: (i) het beoordelen van de huidige literatuur over
het verwerken en analyseren van de verkregen data in het onderzoek naar uitadem-
ingslucht, (ii) het onderzoeken van de potentie van de analyse van uitademingslucht
ter diagnose van verschillende longziektes, (iii) het testen van de kwaliteit en betrouw-
baarheid van de onderscheidende VOCs, (iv) het onderzoeken van de bruikbaarheid
van VOCs analyse in vitro in cellen en bacteriën, en (v) het identificeren van aan-
nemelijke endogene bronnen van VOCs in vitro.

Belangrijkste bevindingen

De analyse van uitademingslucht kan onderscheid maken tussen
ernstig zieke patiënten met en zonder ventilator geassocieerde
pneumonie

Ventilator geassocieerde pneumonie (VAP) is een infectieziekte die voorkomt in de
Intensive Care (IC). Om de ziekte vast te stellen moeten patiënten een zeer invasieve
en risicovolle procedure genaamd bronchoalveolaire lavage ondergaan. In hoofdstuk
3 werd onderzocht of het mogelijk was om de aanwezigheid van de ziekte vast te stellen
met behulp van uitademingslucht. Hiervoor is de uitademingslucht van 100 patiënten
opgevangen en geanalyseerd. Uit de resultaten is gebleken dat het mogelijk was om
een onderscheid te maken tussen patiënten die VAP ontwikkelden en patiënten waarbij
dat niet gebeurde. Dit onderscheid was vast te stellen met een nauwkeurigheid van
74.2% en was gebaseerd op basis van een profiel van 12 VOCs. Door middel van
eerder vergaarde kennis werd voor een aantal van deze onderscheidende VOCs een
potentiele endogene bron vastgesteld.

Op basis van deze bevindingen kon worden geconcludeerd dat uitademingslucht
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potentieel een belangrijke rol kan gaan spelen in de diagnose van VAP. Het heeft veel
voordelen ten opzichte van de huidige gouden standaard, bronchoalveolaire lavage,
vanwege het snelle en non-invasieve karakter van de methode. Daarnaast kan het de
opmars van antibiotica resistentie remmen door snellere diagnose, waardoor eerder
gehandeld kan worden wanneer een longontsteking wordt vastgesteld.

Met behulp van uitademingslucht kan een onderscheid gemaakt
worden tussen drie verwante chronische longziekten, maar de
resultaten zijn mogelijk niet reproduceerbaar

De term Interstitiële longaandoeningen (ILD) betreft een groep longaandoeningen
met onder andere longfibrose (IPF) en bindweefselziekte-geassocieerde interstitiële
longziekte (CTD-ILD). De combinatie van de generieke symptomen en de lage inci-
dentie en prevalentie van deze ziektes bemoeilijkt het vinden van de juiste diagnose.
Voor de patiënt resulteert dit in een lange periode van onzekerheid voor een diagnose
gesteld kan worden. In hoofdstuk 4 is onderzocht of het onderscheid gemaakt kon
worden tussen 51 IPF en 53 CTD-ILD patiënten. Een profiel van 16 VOCs werd ont-
dekt dat kon voorspellen welke ziekte een patiënt had met een nauwkeurigheid van
76.9%. Dit resultaat suggereert deze uitgeademde VOCs samenhangen met de on-
derliggende pathofysiologische mechanismen van die specifieke ziekte. Daarnaast was
het mogelijk om beide groepen patiënten te onderscheiden van een groep gezonde vri-
jwilligers. Hoewel deze bevindingen veelbelovend waren, was het niet mogelijk om de
studie te valideren, vermoedelijk vanwege de heterogene aard van ILD in combinatie
met het relatief lage aantal patiënten in deze studie.

Op basis van de bevindingen in deze studie kan worden vastgesteld dat patiënten
met ILD een ander VOC-profiel uitademen dan gezonde personen, maar ook dat
verschillende vormen van ILD te onderscheiden zijn van elkaar. Toch is gebleken dat
het aantal patiënten in deze studie niet toereikend was, waardoor een grotere studie
nodig is om de waarde van de onderscheidende VOCs te kunnen bepalen.

Externe studie validatie is essentieel om de reproduceer-
baarheid van een klinische studie te waarborgen

Gedurende het laatste decennium is een grote hoeveelheid klinische studies gepub-
liceerd waarbij VOCs in uitademingslucht zijn gebruikt om een ziekte te diagnos-
ticeren. Wanneer deze studies worden vergeleken is duidelijk te zien dat er weinig
overlap is tussen de onderscheidende VOCs in de verschillende studies. Er zijn een
aantal oorzaken voor dit probleem, waarvan de voornaamste het gebrek aan validatie
van de studie is. Het doel van hoofdstuk 5 was om het effect van verschillende
vormen van validatie te testen op data van een klinische studie. In deze studie werd
een profiel van negen VOCs gevonden dat onderscheid kon maken tussen patiënten
met sarcöıdose, een vorm van ILD, met een nauwkeurigheid van 79.4%. Wanneer ver-
schillende vormen van validatie werden vergeleken bleek dat de leave-k-out validatie
de meest optimistische voorspelling deed, terwijl de onafhankelijke externe validatie
de meest realistische voorspelling gaf.
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Uit deze studie kan geconcludeerd worden dat onafhankelijke externe validatie van
groot belang is om de betrouwbaarheid van een klinische studie vast te stellen. We
raden daarom aan om deze vorm van validatie altijd toe te passen in een klinische
studie waarin de analyse van uitademingslucht wordt toegepast.

Het is mogelijk VOCs te detecteren die zijn uitgescheiden door
bacteriën in vitro

Naast het gebrek aan validatie in klinische studies is de kennis over de biologische oor-
sprong van VOCs zeer summier. Toch is het cruciaal deze kennis te vergroten om niet
alleen te begrijpen waarom bepaalde VOCs uitgeademd worden in een bepaalde ziekte,
maar ook om uitademingslucht te kunnen toepassen voor ziektebewaking. Hoofd-
stuk 6 trachtte te achterhalen welke VOCs werden uitgescheiden door verschillende
soorten bacteriën die vaak infecties veroorzaken in de longen. In deze studie werden
6 soorten bacteriën gekweekt, waarna de lucht boven de bacteriën werd geanalyseerd
om veranderingen in de productie van VOCs op te sporen. Vier soorten bacteriën
konden worden onderscheiden met behulp van een profiel van 25 VOCs. Vijftien van
deze VOCs waren specifiek voor n soort bacterie, terwijl de overige tien werden gepro-
duceerd door meerdere soorten. Naast deze resultaten kon een onderscheid gemaakt
worden tussen Meticilline Resistente Staphylococcus aureus (MRSA) en Meticilline
Gevoelige Staphylococcus aureus (MSSA) op basis van 8 VOCs. Verscheidene VOCs
konden terug geleid worden naar een specifiek onderliggend proces, zoals de koolwa-
terstoffen die voortkomen uit lipide peroxidatie. Een groot aandeel van de overige
VOCs kon niet gekoppeld worden aan een specifiek proces, maar werd gevonden in
andere studies waarin dezelfde bacteriën werden onderzocht.

Uit deze bevindingen kon geconcludeerd worden dat verschillende soorten bac-
teriën een ander patroon aan VOCs uitscheiden. Hieruit kan worden afgeleid welke
processen specifieke VOCs uitscheiden. Daarnaast was het mogelijk MRSA van MSSA
te onderscheiden. Deze resultaten kunnen in de toekomst vertaald worden naar een
klinische toepassing waar het mogelijk is bij de diagnose van een longinfectie vast te
stellen welke bacterie het veroorzaakt. Wanneer dit mogelijk is kan de juiste antibi-
otica gekozen worden, waardoor genezing sneller plaatsvindt en verdere antibiotica
resistentie bestreden kan worden.

Blootstelling aan een giftige stof resulteert in verandering in de
uitscheiding van VOCs door longcellen in vitro

Niet alleen bacteriën, maar ook menselijke cellen kunnen VOCs produceren. Ook
op dit vlak is er een gebrek aan kennis over de biologische oorsprong. Daarnaast is
het identificeren van ziekte een belangrijke doelstelling voor de analyse van uitadem-
ingslucht. In hoofdstuk 7 zijn cellen in vitro blootgesteld aan twee giftige stoffen om
te achterhalen of cellen andere VOC profielen produceren wanneer er schade ontstaat
door deze giftige stoffen. In beide gevallen was het mogelijk de beschadigde cellen
te onderscheiden van de gezonde cellen. Omdat het werkingsmechanisme van beide
giftige stoffen bekend is, was het mogelijk om een link te leggen tussen specifieke
processen en de onderscheidende VOCs. Toch was er, ondanks dat beide stoffen een
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soortgelijk werkingsmechanisme hadden, maar n VOC die werd gevonden in beide
experimenten. Dit kan veroorzaakt worden door verschillende factoren, maar het is
aannemelijk dat de voornaamste oorzaak het verschil in blootstellingstijd is.

Uit deze resultaten kan worden geconcludeerd dat ook menselijke cellen andere
VOCs uitscheiden, in dit geval na blootstelling aan giftige stoffen. Deze resultaten
kunnen mogelijk in de toekomst vertaald worden naar een klinische studie waarbij
bijvoorbeeld gekeken wordt naar de relatie tussen blootstelling aan sigaretten en de
samenstelling van VOCs in de uitademingslucht. Daarnaast zijn relaties ontdekt
tussen de uitgescheiden VOCs en de werkingsmechanismen van de giftige stoffen. Deze
relaties moeten gevalideerd worden met meer onderzoek, maar geven een duidelijk
eerste inzicht in de biologische oorsprong van endogene VOCs.

Door het combineren van VOCs en ander biologische bron-
nen van data kunnen aannemelijke relaties worden vastgesteld
tussen VOCs en de onderliggende biologische processen

Uit een cel kunnen verschillende lagen van informatie verzameld worden. Ten eerste
is informatie opgeslagen in het DNA in de celkern, genaamd genen. Om de cel in
leven te houden worden op basis van deze informatie bouwstoffen gemaakt, genaamd
eiwitten en enzymen. Daarna worden deze bouwstoffen gebruikt om energie te pro-
duceren of de samenstelling van de cel te onderhouden. Tijdens deze processen worden
metabolieten geproduceerd, die daarna omgezet kunnen worden in VOCs. Om daad-
werkelijk vast te stellen welke onderliggende biologische processen VOCs produceren
zal informatie verzameld moeten worden van deze verschillende informatielagen. In
hoofdstuk 8 is deze strategie gebruikt om informatie te verzamelen van de genen,
metabolieten en VOCs. Deze informatie is samengevoegd en gebruikt om relaties te
ontdekken tussen uitgescheiden VOCs en de onderliggende genen en metabolieten.
Een voorbeeld hiervan is de VOC nonanal, die correleert met de metaboliet myo-
inositol. Dit metaboliet is gelinkt aan genen die betrokken zijn bij celdood-, DNA
herstel- en kanker-gerelateerde processen. Het is daarom plausibel dat nonanal wordt
geproduceerd door deze celdood-, DNA herstel- en kanker-gerelateerde processen.

Op basis van deze bevindingen kan geconcludeerd worden dat verschillende relaties
zijn ontdekt tussen uitgescheiden VOCs en de onderliggende biologische processen,
met nonanal als voorbeeld. Toch is het belangrijk te noemen dat associatie niet gelijk
is aan causaliteit. Er is een grote behoefte aan in vitro onderzoek dat de causaliteit
van deze associaties aantoont.

Algemene conclusie

Dit proefschrift heeft aangetoond dat, hoewel uitademingslucht veelvuldig is toegepast
in de vorm van klinische studie, twee problemen moeten worden opgelost voor een klin-
ische toepassing mogelijk is. Ten eerste heeft dit proefschrift het belang van geschikte
(bij voorkeur externe) validatie aangetoond die nodig is om de betrouwbaarheid en re-
produceerbaarheid van een klinische studie te waarborgen. Ten tweede, het vergaren
en uitbreiden van de biologische kennis onderliggend aan de endogene productie van
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VOCs is van groot belang. Dit proefschrift heeft de eerste stap gezet in het achterhalen
waar specifieke VOCs vandaan komen, maar heeft voornamelijk associaties gevonden.
Het is van belang om causaliteit vast te stellen in toekomstige in vitro experimenten.
In het algemeen is een collectieve inspanning nodig vanuit de gemeenschap die be-
trokken is bij het onderzoek naar uitademingslucht om deze twee problemen op te
lossen, zodat deze non-invasieve methode in de toekomst gëımplementeerd wordt in
de kliniek.
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Wereldwijd lijden meer dan een miljard mensen aan een longziekte. Daarnaast
veroorzaken de drie meest voorkomende long ziekten 9.5 miljoen sterfgevallen jaar,
een-zesde van het totaal aantal doden. De bijbehorende jaarlijkse zorgkosten en ar-
beidsverzuimkosten bedragen alleen al in Nederland een totaal van e3.6 miljard, met
naar schatting een bedrag van e379.6 miljard wereldwijd. Naast het behandelen van
de ziekte is een vroege diagnose zeer belangrijk. Een vroege diagnose in combinatie
met de juiste medicatie resulteert in een kleiner aandeel van ernstig zieke patinten,
waardoor en de kwaliteit van leven van de patinten hoger wordt en bespaard kan
worden op de zorgkosten en arbeidsverzuimkosten.

Op dit moment worden voornamelijk invasieve methoden gebruikt voor het stellen
van een diagnose, vaak na een lang traject van de eerste symptomen tot de definitieve
uitslag. Dit kan een grote impact hebben op de patiënt door de lichamelijke en mentale
belasting en de risicos die horen bij invasieve diagnostiek. Voorbeelden hiervan zijn
het gebruik van biopsies ter diagnose van sarcodose en bronchoalveolaire lavage ter
bepaling van bacteriële longinfecties in de intensive care (IC). In tegenstelling tot
deze invasieve methoden is de analyse van uitademingslucht juist zeer non-invasief.
Deze methode vereist alleen dat een patiënt rustig uitademt, waarna de diagnose snel
gesteld kan worden. Het gebruik van deze methode resulteert in een substantiële
verlaging van de lichamelijke en geestelijke belasting van de patiënt en is kosten-
effectiever dan de huidige gebruikte diagnostische methoden.

Het onderzoek in dit proefschrift is voornamelijk van belang voor medisch special-
isten, ziekenhuizen en patiënten. Daarnaast kunnen zorgverzekeraars en de overheid
baat hebben bij deze gepresenteerde resultaten.

Ten eerste is het opvangen van uitademingslucht een simpele methode die weinig
training vereist. Dit is van belang voor de medisch specialisten, die bijvoorbeeld ti-
jdens een intakegesprek meteen uitademingslucht kunnen verzamelen om een snelle
diagnose te stellen. Daarnaast kan deze methode, in tegenstelling tot invasieve metho-
den zoals biopsies en bronchoalveolaire lavage, gebruikt worden bij kinderen, ouderen
en kwetsbare patiënten die de invasieve diagnostiek niet kunnen ondergaan. Zelfs
als een fractie van de invasieve diagnostiek vervangen kan worden door de analyse
van uitademinglucht, levert dit voor de patiënten een grote lastenverlichting op in de
vorm van minder onzekerheid en een hogere kwaliteit van leven. Bovendien zullen
artsen vaker en sneller toegang hebben tot relevante informatie over de ziekte, zoals
bijvoorbeeld de aanwezigheid van exacerbaties, de effectiviteit van medicatie en de
algemene voortgang van de ziekte.

Ten tweede, invasieve methoden behoeven vaak grote hoeveelheden aan medisch
materieel en manuren. Voor de analyse van uitademingslucht zijn substantieel minder
kostbare materialen en apparatuur nodig, en zijn minder manuren vereist dan bij in-
vasieve technieken als biopsies. Dit is ook gunstig voor zorgverzekeraars en de overheid
doordat aan de zorg gespendeerde kosten gereduceerd kunnen worden. Tenslotte, de
belangrijkste belangengroep is de patiënten zelf. De patiënten zullen door het klinisch
gebruik van uitademingslucht minder gebruik hoeven maken van invasieve diagnos-
tiek, met als gevolg een hogere kwaliteit van leven. Hoewel de patiënten zelf geen
actieve rol kunnen spelen in het vertalen van de methode naar een klinische toepass-
ing, kunnen patiëntenverenigingen met behulp van dit onderzoek de discussie aan
gaan met ziekenhuizen en daardoor in de implementatie van de methode stimuleren.
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In dit proefschrift in het bijzonder ligt de nadruk op twee uitdagingen die naar
voren zijn gekomen in de klinische studies. Ten eerste is in het laatste decennium een
grote hoeveelheid klinische studies gepubliceerd, maar het ontbreekt aan voldoende
interne en externe validatie van de resultaten. Dit proefschrift toont aan dat externe
validatie essentieel is en spoort aan tot meer samenwerkingen en validatie binnen en
tussen onderzoeksgroepen. Ten tweede, de biologische oorsprong van de organische
verbindingen in de uitademingslucht is, met een enkele uitzondering , onbekend. Toch
is deze kennis van belang om niet alleen ziekte te kunnen diagnosticeren, maar ook
voor ziektebewaking en om de effectiviteit van medicatie te kunnen bepalen. Dit
proefschrift heeft de eerste stap gezet in het ontrafelen van de biologische oorsprong
van deze verbindingen.

De bevindingen van het onderzoek beschreven in dit proefschrift kunnen tevens
vertaald worden naar een concrete toepassing. De predictiemodellen gegenereerd voor
de studies in dit proefschrift kunnen namelijk gebruikt worden ter diagnostiek in de
kliniek. Daarnaast zou deze methode toegepast kunnen worden in eHealth applicaties.
Zo kan bijvoorbeeld een apparaat ontwikkeld worden dat de uitademingslucht op-
vangt en analyseert. Dit apparaat kan gekoppeld worden aan de smartphone, waarbij
de arts de ziekteontwikkeling op afstand kan waarnemen. Bovendien kan de meth-
ode toegepast worden ten behoeve van de vroege opsporing van de juist bacterie in
longinfecties in de IC om zo sneller de juiste antibiotica toe te dienen, waardoor de
oprukkende antibiotica resistentie kan worden tegengegaan.

Predictiemodellen voor ziekten als inflammatoire darmziekten (IBD), hepatitis,
chronische obstructieve longziekte (COPD) en ventilator-geassocieerde pneumonie
(VAP) bestaan al. Deze selectie kan door dit proefschrift uitgebreid worden met
sarcodose, longfibrose en bindweefselziekte.

Naast de klinische toepassing van de methode ter diagnose van ziektes besteedt het
proefschrift ook aandacht aan de biologische relevantie van de organische verbindin-
gen in de uitademingslucht die gebruikt worden voor de diagnose. De resultaten
van dit proefschrift zijn een eerste stap in het vergaren van meer kennis over de on-
derliggende biologische processen waardoor het mogelijk is diagnoses te stellen met
behulp van uitademingslucht. Het zal daarom onderzoekers stimuleren deze mecha-
nismen te ontrafelen. Als dit wordt opgelost zal het in de toekomst mogelijk zijn Om
naast diagnose ook het verloop van de ziekte te bewaken met behulp van uitadem-
ingslucht. Dit maakt het mogelijk om sneller medicatie bij te stellen, waardoor de
belasting voor de patiënten en de kosten verder verminderd kunnen worden.
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