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Nomenclature

ABPA Allergic bronchopulmonary aspergillosis

AUC Area under curve

BAL Bronchoalveolar lavage

CF Cystic fibrosis

COPD Chronic obstructive pulmonary disease

FeNO Fractional exhaled nitric oxide

FEV1 Forced expiratory volume in the first second

FID Flame ionization detector

GC Gas chromatograph

GC-TOF-MS Gas chormatograph time-of-flight mass spectrometer

IL-10 Interleukin-10

IL-6 Interleukin-6
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MRSA Methicillin-resistant Staphylococcus aureus

MS Mass spectrometer

MSSA Methicillin-sensitive Staphylococcus aureus

ppb Parts-per-billion

PTR-MS Proton transfer-reaction mass spectroscopy
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PUFA Polyunsaturated fatty acids
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ROS Reactive oxygen species

RT Retention time

RV Residual volume

SIFT-MS Selected ion flow tube mass spectrometry

SMO Sequential minimal optimization
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TNF-α Tumor necrosis factor alpha
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There’s something in the air

ANALYSIS OF BREATH

Ancient Greek physicians were aware of the relation between the odor of a
subjects’ breath and possible diseases associated with it for a long time. They
realized it could provide insight into physiological and pathophysiological pro-
cesses in the body.1 For example, the sweet acetonic smell of breath might
indicate uncontrolled diabetes, a fishy musty reek of breath relates to liver
disease and a urine-like smell is associated with kidney failure.2 Apparently
there is something in breath that might enable us to diagnose certain diseases
or provide the means to monitor metabolic processes in the body. Due to the
great potential of applications in clinical diagnostics and its non-invasive na-
ture the exhaled air analysis has become of increased interest in recent years.
During the last 20 to 30 years the technical advances in analytical analysis
have been responsible for the recent developmental improvements in diagnos-
tics and partial understanding of metabolic and biological pathways leading to
the discovery of new biomarkers in exhaled air able to characterize and identify
disease.
Exhaled air is a mixture of nitrogen, oxygen, carbon dioxide, water, inert gases
and traces of volatile organic compounds (VOCs).3 Several hundreds of com-
pounds are detectable with current analytical methods in each sample and
several thousand different compounds have been identified sofar demonstrating
the vast diversity of compounds available in exhaled air. To date a few com-
pounds found in breath have demonstrated their value as biomarkers; nitric
oxide (NO) levels are generally accepted as an indication of inflammation and
oxidative stress in the respiratory tract in for instance asthma.4–6 Brindicci
et al. observed slightly elevated alveolar NO and increased levels of exhaled
NO during exacerbations in chronic obstructive pulmonary disease (COPD)
patients.7 Additionally carbon monoxide (CO) has been investigated as a
biomarker, however, contrasting results are published. Yamaya et al. found
a significant relationship between exhaled CO concentrations and certain lung
function markers, and exhaled CO appeared to correlate with the eosinophil
count in sputum.8 In contrast others found no correlation of exhaled CO with
lung function.9 The application of CO as a diagnostic marker is also limited be-
cause exhaled CO levels are seriously affected by environmental CO, which may
fluctuate considerably and is influenced by active and passive smoking making
its use as a biomarker at the least questionable.10 Exhaled hydrogen peroxide
(H2O2) has also been studied as a potential biomarker in exhaled breath since
H2O2 levels are thought to reflect the underlying state of oxidative stress in
the lungs. Schleiss et al. demonstrated that levels of exhaled H2O2 are higher
in stable COPD patients compared to young non-diseased non-smoking con-
trols.11 However, exhaled H2O2 measurements are not yet standardized and
demonstrate large intra-individual variability. Table 1.1 lists some additional
examples of previous studies performed on the analysis of exhaled air related
to disease.
This thesis describes the analysis of breath related to inflammatory lung dis-
eases such as COPD and cystic fibrosis (CF). The following paragraphs describe
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General introduction

in short the pathophysiology of these lung diseases and the related benefit of
breath analysis since these two diseases will be dealt with in this thesis.

Table 1.1: List of previous research on exhaled air analysis

VOCs Condition Reference Year

Ethane and pentane Asthma and COPD12 Kharitonov 2004
Cystic Fibrosis13 Barker 2006

Methyl alkanes Lung and breast cancer14,15 Phillips 1999, 2003

Acetone Dextrose metabolism and lipolysis3 Miekisch 2004
Diabetis mellitus and ketonemia16 Deng 2004

Isoprene Cholesterol metabolism17 Stone 1993

Sulfur-containing Liver impairment18 Di Francesco 2005

Nitrogen-containing Uremia, kidney impairment18 Di Francesco 2005

Methyl nitrates Hypoglycemia in children19 Novak 2007

VOC profiles Asthma20 Dallinga 2009
Lung cancer14,21,22 Machado 2007

Phillips 2005
Dragonieri 2007

COPD22 Van Berkel 2009
Smokers23 Van Berkel 2008
Tuberculosis24 Phillips 2007

Table 1.1: Examples of previously published research regarding VOCs related to disease
present in exhaled air.

COPD

COPD is characterized by the progressive development of non-fully reversible
airflow limitation as a result of emphysematous destruction this way increasing
the resistance of the small airways. The three pathologic conditions include
chronic obstructive bronchitis, emphysema and mucus plugging; the relative
extent of emphysema and obstructive bronchitis may vary on a patient to pa-
tient basis.
In COPD inhaled irritants like cigarette smoke or mining dust trigger an ab-
normal inflammatory response during which inflammatory cells infiltrate the
lungs causing the airways to become thickened and inflamed.25,26 However,
recent research demonstrates that inflammatory cells and mediators generated
in the lungs enter the bloodstream and may have systemic effects on other sus-
ceptible areas of the body, thus suggesting that inflammation is not confined
to the lungs, but exhibits a more systemic profile.
It is now clear that the structural changes leading to COPD are due to the
inflammatory response in the lungs.25,26 Increased numbers of neutrophils25

and CD8+ T-cells are observed in COPD.26 Upon arrival of the neutrophils
in the alveoli these neutrophils become activated and generate reactive oxy-
gen species (ROS) that on their turn take part in a process called oxidative
stress. Inflammatory mediators and activated inflammatory cells released into
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the circulation in COPD include tumor necrosis factor alpha (TNF-alpha) and
interleukin-6 (IL-6).27,28 Studies show that reduced lung function is associated
with elevated systemic inflammatory factors. These factors, increased during
exacerbations, likely contribute to the comorbidities observed in patients with
COPD.28 An illustration of comorbidities related to low-grade inflammation is
the increased risk of atherosclerosis in patients with inflammatory rheumatic
diseases.29 The increase in systemic inflammation triggers elevations in medi-
ators such as C-reactive protein, which may contribute to the increased risk
of cardiovascular disease30 and may be a marker of impaired health status.31

Elevated TNF-alpha may contribute to muscle wasting and cachexia, and TNF-
alpha and IL-6 are also both associated with atherosclerosis demonstrating the
systemic profile of COPD.28

During the last few years the mortality of COPD has increased worldwide, even
in industrialized countries. Recent predictions from the World Health Organi-
zation state that within 15 years this disease will rise in the current ranking
of the most common cause of death from the sixth to the third place mainly
due to decreased mortality of other diseases like cardiovascular diseases and
a marked increase regarding environmental pollution and smoking as number
one cause for COPD. Early diagnosis and treatment will be necessary in order
to control its high morbidity and mortality and consequently high healthcare
cost.32 Direct measures of inflammation in bronchial biopsy specimens, bron-
choalveolar lavage fluid and sputum samples and measurements of pulmonary
function are a few of the standard diagnostic tools available regarding COPD.
Spirometric testing is one of the oldest clinical tests still in use today. It is
a straightforward test that has the patient maximally exhale from total lung
capacity. The forced expiratory volume in the first second (FEV1) and the
maximum exhaled volume (vital capacity [VC]) remain the most indicative
measurements. In obstructive lung diseases such as COPD, the characteris-
tic changes in spirometry are a reduction in the FEV1 with respect to the
vital capacity (FEV1/VC ratio). Using this measurement one can diagnose
the presence of airway obstructions. This can be used to guide therapies and
predict outcomes.33 Currently, with exception of lung function tests which are
the currently applied diagnostic tool for COPD diagnosis, there are no well
validated biomarkers or surrogate endpoints that can be used to establish ef-
ficacy of novel drugs for COPD.34 However, the lung function test is not an
ideal measure since according to literature it (1) does not provide informa-
tion regarding disease activity or the underlying pathologic process, (2) cannot
separate the various phenotypes of COPD, (3) is not specific for COPD, (4)
is relatively unresponsive to known therapies that prolong survival30 and (5)
depends heavily upon the quality of equipment, the patient cooperation, and
the skill of the technician performing the test.33 Spirometry should thus be
considered a medical test and not simply a vital sign that can be performed by
minimally trained personnel. Additionally since the applied diagnostic tools
cause a varying degree of discomfort for the patient, are time-consuming and
sometimes require additional information to ascertain a diagnostic outcome,
the analysis of exhaled air might prove useful as a new, non-invasive, safe and
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fast diagnostic tool regarding the diagnosis of COPD.

Cystic fibrosis

CF is a hereditary disease affecting exocrine glands. It will, among other mul-
tisystem failures, manifest itself as a progressive lung disease characterized by
recurrent infectious events. Inflammation in the lungs of patients with CF is
characterized by persistent and excessive neutrophil infiltration. Degradation
of neutrophils in the airways leads to release of substantial amounts of DNA
into sputum, thereby increasing viscoelasticity of secretions.35 Neutrophils also
release large quantities of destructive ROS and proteases, including neutrophil
elastase. Increased quantities of ROS lead to increased oxidative stress. The
increased amount of neutrophil elastase directly damages the airway wall by
digesting elastin and other structural proteins, ultimately leading to bronchiec-
tasis. It also cleaves opsonins and receptors necessary for phagocytosis.35 Neu-
trophil elastase, as well as neutrophils and macrophages, generate or stimulate
production of pro-inflammatory cytokines and chemokines. Airway concen-
trations of these chemoattractants are dramatically increased in patients with
CF.36–38 In contrast, CF airways appear deficient in the anti-inflammatory
cytokine interleukin (IL)-10, which is constitutively produced by bronchial ep-
ithelial cells in healthy lungs.36,37 In healthy subjects pulmonary epithelia are
protected from the destructive effects of neutrophil elastase by antiproteases.
The balance between proteases and antiproteases suppresses neutrophil elastase
activity and prevents damage to respiratory epithelia,39 disruption of this bal-
ance, due to increased amounts of proteases over the amount of antiproteases
leads to structural damage. The worsening of symptoms or exacerbations leads
to acute changes in pulmonary symptoms related to increased airway secretions.
Pulmonary insufficiency has a great impact on the quality of life and is the main
reason of morbidity in cystic fibrosis. In case of an exacerbation, often, intra-
venous antibiotics and hospital admission are necessary and exacerbations have
also been associated with diminished lung function in later life.40 The yearly ex-
acerbation rate increases with more severe pulmonary impairment and is clearly
related to survival.41,42 Therefore CF exacerbations are an important determi-
nant for quality of life of patients and healthcare cost. Despite the importance
of these exacerbations, standardization of the definition and detectability of an
exacerbation remains arguably diffuse.43 In the outpatient clinic, diagnosing
a CF exacerbation may be difficult. Changes in symptoms and lung function
indices occur when an exacerbation is already manifest. Most clinical trials
define an exacerbation by means of surrogate measures of exacerbation, such
as hospitalization or intravenous antibiotic administration. To date there is
no predictive measure regarding the occurrence of an exacerbation by means
of an objective chemical, physiologic or histologic marker. Therefore, it is not
possible to anticipate and by means of treatment prevent lung damage on the
long term. Early and accurate diagnosis of exacerbations will facilitate quality
improvement activities aimed at this important aspect of CF care.44 Exhaled
air analysis holds the potential to deliver markers from breath that might en-
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able identification of CF and early detection of the exacerbations associated
with it as well as monitoring of disease and exacerbations progression.

Oxidative stress

Oxidative stress is a process in which there appears to be an imbalance be-
tween the production of reactive oxygen species and the subsequent biological
system’s ability to detoxify and repair the resulting damage; an imbalance be-
tween the oxidants and anti-oxidants.
Inflammatory mediators and activated inflammatory cells released into the cir-
culation in for example COPD are responsible for generation of ROS. These
highly reactive molecules lower the reducing environment - naturally occurring
in every organisms cell - even more, and are capable of causing extensive cellu-
lar damage. It has been shown that oxidative stress as occurring in diseases like
atherosclerosis, Parkinson’s disease, myocardial Infarction, Alzheimer’s disease
and COPD causes cells to be extensively damaged. In a process called lipid-
peroxidation cell membranes are oxidized by the ROS. This process proceeds
by a free radical chain reaction mechanism as depicted in figure 1.1. It most
often affects polyunsaturated fatty acids, because they contain multiple dou-
ble bonds in between which lie methylene -CH2- groups that possess especially
reactive hydrogens. It starts with a process (initiation) whereby a ROS ab-
stracts a hydrogen atom from the lipid and a fatty acid radical is produced.
This phase is followed by a process called propagation in which the previously
generated fatty acid radical reacts fast with molecular oxygen. This creates
a peroxyl-fatty acid that on its turn is also a very highly reactive molecule
reacting with another fatty acid, thus generating a chain reaction giving rise
to more and more fatty acid radicals. This cycle continues until a reaction
between two reactive radicals produces a non radical thus lowering the overall
reactivity of the mechanism.
Ethane belongs to the group of VOCs that is formed as a product of lipid
peroxidation of cell membranes and was one of the first VOCs demonstrating
availability in exhaled air to be studied.45,46 It was soon demonstrated to be
elevated in exhaled air of COPD patients compared to controls.45 A correlation
was demonstrated between levels of ethane and the degree of airway obstruc-
tion, smoking habits and FEV1.

46 However, the analysis of single compounds
from exhaled air is hampered by its low sensitivity and specificity. In 1971
Linus Pauling demonstrated the availability of hundreds of different VOCs in
exhaled air47 and many more have been detected since. Philips et al. have
recently successfully demonstrated the possibility of using a profile of VOCs
in breath as biomarkers of lung cancer and pulmonary tuberculosis.14,15,48 In
2006, Barker et al. concluded that analysis of VOC profiles is feasible in ex-
haled air and holds potential for non-invasive diagnosis as demonstrated in
young patients suffering from CF.13 Therefore particular interest has risen in
multi-component analysis of VOCs in order to increase the performance of the
diagnostic tool as a whole using a biomarker profile approach. A mathematical
model based on a profile will be more predictive and robust as compared to the
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analysis of a single compound available in exhaled air. An advanced classifica-
tion model based on a set of VOCs able to discriminate diseased subjects from
controls holds great potential regarding clinical application for the assessment
of for example airway inflammation, especially since analysis of exhaled breath
might provide a fast, non-invasive, cost beneficial and easy to perform diagnos-
tic tool. Additionally the gas matrix is a relatively simple matrix to analyze,
far more straight forward compared to blood and its sampling does not require
skilled medical staff.49

R
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Initiation
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Lipid radical
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H
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Figure 1.1: Schematic presentation of lipid peroxidation process.

TECHNIQUES

Nowadays the hunt for the best biomarkers is driven by the fast-paced tech-
nological advancements in high quality sensors, high throughput analyzes and
increases in processing speeds combined with the advances in bio-informatics
and biostatistics. Datamining strategies and powerful computers enable re-
searchers to currently find their way through the very large datasets acquired
with for example microarray analysis or analysis of exhaled air. Due to the high
number of compounds compared to the number of subjects advanced datamin-
ing routines are crucial in extracting only the relevant information from the
data in order to study the availability of possible biomarkers in the exhaled
air.
In order to determine both quantitatively and qualitatively the contents of
an exhaled air sample several advanced technologies are available. Research
regarding the analysis of exhaled air published recently describe a variety of
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these techniques, a few of which will be highlighted briefly followed by a more
in depth description of the analysis methodology employed for the studies de-
scribed in this thesis.

Colorimetric analysis and optical absorbance

Colorimetric analysis is a technique applied to measure certain VOCs in breath.
Hydrogen cyanide and acetone have been measured through chemical reactions.
In the case of acetone, the VOC reacts with alkaline salicylaldehyde creating a
product that absorbs light in a very specific wavelength range centered around
465 nm. By analyzing the degree of absorption the amount of availability of
the VOC can be calculated.50 Especially for acetone the setup has proven to
be of high sensitivity. More compounds are currently assessed in a similar fash-
ion. Another optical gas detection system is optical absorption spectroscopy.
Recent advances resulting in an increased sensitivity have provided the means
to measure trace species in gas samples very accurately with this technology.
A downfall, however, remains the impossibility to measure the entire profile
of VOCs in breath. Additionally the high degree of moisture in breath will
account for sensitivity issues if the optical absorbance methodology is applied.

Proton transfer reaction mass spectroscopy

Proton transfer-reaction mass spectroscopy (PTR-MS) was first used to deter-
mine contents of gas mixtures like breath by Taucher et al.51 The analysis
technique is based on chemical ionization of the target molecules by proton-
transfer reactions. During this process the H3O

+ molecule acts as the primary
reactant initiating the reaction. After the chemical ionization the protonated
molecules are accelerated and detected with an inline mass spectrometer. H3O

+

is used since it is most suitable regarding oxygen-containing compounds if a
large variety of trace VOCs is to be studied, this due to the fact that almost all
of the available oxygen containing VOCs demonstrate proton affinities higher
than H2O, resulting in the occurrence of proton transfer reactions for these
compounds. The major downside however remains the fact that it remains a
very selective technique and the oxygen-containing compounds only make up
a relatively small fraction of the total VOC content of breath
It is nowadays used frequently in research to analyze exhaled air samples. A
relation between human breath isoprene levels and cholesterol syntheses was
proven by Karl et al. with the use of PTR-MS.52 Rieder et al. demonstrated
PTR-MS proved highly sensitive in measuring exhaled concentrations of cer-
tain VOCs and potential tumor markers.53

Advantages of this technique are that the samples can be readily analyzed
without the need for preconcentration or applying separation processes. Very
fast response times (in the order of 100 ms) can be used thus enabling realtime
measurements. Additionally the degree of fragmentation of the molecules is
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minimized leading to enhanced sensitivity. However, since almost only proto-
nated molecular ions are detected chemical identification of these compounds
remains elusive; other techniques need to be applied to identify compounds.

Selected ion flow tube mass spectrometry

Selected ion flow tube mass spectrometry, or SIFT-MS in short, is an analytical
technique for the simultaneous real-time quantification of several gases. It is
based on chemical ionization of the gases in the gas mixture of interest. In
a so-called flow tube, the gases react with a precursor ion, usually, H3O

+ or
NO+. The product ions produced through this reaction are analyzed with a
quadrupole mass spectrometer. Advantages of this technology are the online
real-time analysis possibility and the absolute concentration that can be mea-
sured down to the parts-per-billion (ppb) levels making it valuable for exhaled
air analyzes. Abbott et al. demonstrated the quantification of acetonitrile in
exhaled breath with use of Selected ion flow tube mass spectrometry (SIFT-
MS).54

Chemical sensors

Recent advances in the field of chemical sensors have facilitated a huge progress
in the field of these non-selective sensors more familiar under the name ’elec-
tronic noses’. Devices that contain a series of non-specific sensors that are
able to bind or react with VOCs from gas mixtures like breath. Molecules
from gas mixtures generate a so-called profile of the responses of the sensors
due to interactions with these trace gases. These responses are then imple-
mented into a training or test set in order to train the device to recognize a
certain mixture based on responses from these sensors. The main drawback
of this system is that the sensors implemented are -to date- not selective for
a single VOC or other trace gas. A large number of VOCs acts on a single
sensor demonstrating this technology is still hampered by low sensitivity and
specificity regarding classification or prediction of the analyzed gas mixtures.
Different sensor principles are applied. Polymer based sensors demonstrate
volume changes as they come in contact with VOC from the gas mixture, this
way changing the conductance of the polymer. This response can be measured
and quantified. In semiconductor based sensors like the quartz microbalance,
gas sensors coated with different metalloporphyrins are used. Several research
groups now work with electronic noses in the detection of lung diseases and
diabetes. Di Natale et al.55 used quartz microbalance gas sensors showing
100% correct classification of patients with various forms of lung cancer, and
94% classification of controls. Machado et al.21 used a polymer array sensor
based enose and showed promising discrimination between patients with lung
cancer and those from other groups, like healthy controls. The authors found
71.4% sensitivity and 91.9% specificity for detecting lung cancer by the elec-
tronic nose. Mazzone et al.56 used a colorimetric sensor array that predicted
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the presence of non-small cell lung cancer with a sensitivity of 73.3% and a
specificity of 72.4%.

Gas chromatography

The most commonly applied methodology to date to accurately measure trace
gases in gas mixtures is based on gas chromatography.57 This is a two-stage
setup consisting of a gas chromatograph (GC) that separates the different com-
pounds in the mixture followed by a standard detector or mass spectrometer
(MS).
The GC consists of a capillary column into which the sample is injected. It is
then transported through the column by a mobile phase, in most cases an inert
gas like helium. Separation of the compounds in the gas mixture is based on
differentiated specific interactions of the compounds with the column material
and the mobile phase. The lining of the column consists of a polar layer onto
which some compounds adhere more than others thus lengthening the passage
time of the compound through the column. During the separation procedure
the temperature is steadily increased, the higher the temperature the shorter it
takes for the compounds to traverse the column. After compounds have been
transported through the column they reach a detector, installed to detect and
identify the compounds eluting from the column. Different detectors are used
of which the flame ionization detection (FID) is the most common one. As
the trace gas of interest enters the FID detector hydrogen and air are added
to the gas and ignited inside the FID. The organic compounds burning in the
flame produce electrons and ions and a large electrical potential set across the
flame accelerates these freed ions and electrons towards a collector electrode or
plate. The resulting current between the collector plate and the release nozzle
is measured with a high-impedance current-meter and fed into an integrator.
This measured current corresponds roughly to the proportion of reduced carbon
atoms in the flame. Specifically how the reduced carbon atoms are produced
is not necessarily understood, but the response of the detector is determined
by the number of ionized carbon atoms hitting the detector per unit of time.
Another type of detector is the ion mobility spectrometer. Based on the prin-
ciple to separate ions according to their mobility as they move through what
is called a drift tube. A tube filled with a purified gas (i.e., air of nitrogen)
through which the different ions will move at different velocities as they are
forced through the tube by means of the applied electric field. The separation
of these ions in the drift tube can be optimized by changing the drift length,
drift gas, electric field strength, temperature and pressure. The advantages of
this type of detector is that it is highly sensitive to certain target compounds
and it is relatively inexpensive and portable.
Again another type of detector is based on the time-of-flight (TOF) principle.
The basic concept of this TOF-mass spectrometer is identifying compounds
by means of the mass-to-charge ratio (m/z). As compounds enter the mass
spectrometer they are ionized in an ionization chamber. After ionization the
molecular ions and formed fragment ions are accelerated towards a detector
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that is set at a known distance from the source. When the charged particle is
accelerated into the time-of-flight tube by the acceleration voltage, its potential
energy is converted to kinetic energy and will be equal for all equally charged
particles. The heavier the particle the longer it takes to complete the path of
the time-of-flight tube; the time of flight of the ion varies with the square root of
its mass-to-charge ratio. The velocity of the charged particle after acceleration
will not change since it moves in a field-free time-of-flight tube. The velocity of
the particle can be determined in a time-of-flight tube since the length of the
path of flight of the ion is known and the time of the flight of the ion can be
measured using a transient digitizer. This kind of setup has proven to be highly
sensitive and robust adding to the high degree of reproducibility. Additionally
in contrast to the previously described detectors the MS in combination with
a GC is capable of producing highly sensitive chromatograms with full mass
spectral information of all compounds. Therefore this technique was chosen to
be used in the research described in this thesis. Figure 1.2 shows an example
of a breathogram (chromatogram of a breath sample).
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Figure 1.2: Example of a breathogram from a control subject as analyzed by GC-TOF-MS
containing a few identified compounds. a) acetone; b) 1,3-pentadiene; c) pentane, 2-methyl;
d) benzene; e) toluene; f) 5-hepten-2-one, 6-methyl; g) phenol. The area-under-peak is related
to the concentration of the compound.

Data processing

The data generated by the gas chromatograph time-of-flight mass spectrometer
(GC-TOF-MS) or any other gas mixture analyzer have to be preprocessed in
order to decrease noise, optimize the signal, determine sequences of interest
and convert the data into a format suitable to be used by routines to perform
the real datamining and isolation of compounds of interest.
Several preprocessing steps have to be undertaken. The data needs to be fil-
tered to minimize the degree of high frequency noise generated by the detector
or other instrumental noise introducers. Subsequently baseline corrections have
to be performed to improve the very small signals resulting from trace gases in
very low concentrations. Peak detection and availability of each compound was
determined by analyzing the area under the curve (AUC) for each peak, since
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every peak represents a compound and the AUC for every peak is related to
the concentration of the compound. Finally every peak was linked to its mass
spectrum and retention time. These parameters - retention time and mass
spectrum - will be used to identify the compounds and build the database in
which all compounds from all subjects will be combined. The resulting dataset
will be used in the statistical analyzes. Many different classification algorithms
and datamining techniques have been investigated and are explained in more
detail in this thesis.

Biomarkers

Introduction of a biomarker or a profile of biomarkers as a new diagnostic tool
requires a number of qualities this biomarker should demonstrate as described
in the next paragraph. Also both instrumental reproducibility and intra/inter-
individual variability have to be mapped and optimized. In case of the analysis
of exhaled air this is a difficult task since a large variety of confounding factors
will influence the composition of breath within and between individuals.

Breath biomarker qualities

Over the last few decades techniques offering the possibility of a clinical breath
test have progressed significantly and a high increase in research and validation
on breath tests has been performed in recent years. In order for breath tests to
be of clinical relevance this biomarker or profile of biomarkers should exhibit
the following characteristics:

- Breath tests should demonstrate a high sensitivity and specificity and
breath tests results should be available in a short period of time, result-
ing in an accurate and fast methodology. It should be a cost effective
procedure, with low appliance and operating cost.

- The new biomarker approach should excel in simplicity. This means both
in a methodological as in a interpretive way. It should favorably be a
non-invasive procedure with a low degree of discomfort for the patient
and a high degree of ease-of-use for the medical staff performing the pro-
cedure (clinical accessibility). It should, however, also generate an easy
to interpret result that leaves very little room for false interpretation.
Current research with regards to highly accurate sensor development re-
sulting in quantification of specific VOCs in breath will be of huge benefit
to this ease of use if breath biomarker assessment could be performed by
handhold breath analyzers like e-nose devices.

- Reproducibility and reliability of the overall applied methodology should
be established to a high degree. Instrumental variability should be held
at a minimum adding to a high sensitivity. Validation of the biomarker(s)
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should be well documented and tested for, for example on separate val-
idation sets, in order to determine the real value of the predictive or
discriminatory biomarker outside the test sets.

- In an ideal case the relationship between disease and biomarker(s) should
be well defined and linked to disease development, severity and progres-
sion. The pathophysiological meaning of the biomarkers should be de-
scribed and well understood.

Aim and outline of this thesis

This thesis presents an overview of a newly developed breath analysis method-
ology and the advanced bio-informatics and statistics applied. We chose to
use GC-MS in order to measure as many compounds as possible in an exhaled
air sample and implemented all detected compounds into a database. In our
studies we were not confined to only a one or a few compounds as is performed
by many other research groups right now, but we wanted to extract as much
information from the exhaled breath samples and use this information to select
those compounds of interest that provide insight and information about the
health/disease status of the patient or subject analyzed. Chapter 2 describes
our developed methodology of exhaled air analysis and more specifically the
validation of this methodology. A closer look will be provided into the sam-
pling procedure, chemical analysis, data handling and preprocessing and finally
the advanced statistics applied to isolate the compounds of interest. Chapter
3 demonstrates the ability of the proposed GC-MS methodology to differen-
tiate bacterial cultures based on VOCs available in bacterial headspace. This
is of high value since easy and fast identification of these microbacteria might
provide early treatment thus minimizing bacterial-initiated exacerbations in
patients suffering from lung diseases. Followed by chapter 4 presenting data
of the first clinical study performed. 50 COPD patients from GOLD classes
I to IV and 29 controls were sampled and advanced attribute evaluators were
used to isolate those compounds that combined in a classification model pro-
vided the highest degree of correct classification. Chapters 5 focusses on the
identification of patients with cystic fibrosis by means of analysis of exhaled
air. Several interesting compounds have been identified able to correctly clas-
sify a large number of samples based on a model implementing a small number
of VOCs. Chapters 6 provides a detailed analysis of breath with regards
to exacerbations in cystic fibrosis patients. VOCs providing insight into the
occurrence and phase of an exacerbation were extracted and identified. The
study demonstrated that VOCs in exhaled breath are able to indicate CF ex-
acerbations weeks before these adverse events are clinically manifest. Some
VOCs demonstrated a trend towards the phase of the exacerbation and might
be relevant in monitoring the exacerbation. The thesis will be concluded by a
general discussion in chapter 7 regarding the issues and overall value of the
developed methodology.
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CHAPTER 2

Development of accurate classification method based on
the analysis of volatile organic compounds from human

exhaled air

Van Berkel JJBN, Dallinga JW, Möller GM, Godschalk RWL, Moonen EJ,
Wouters EFM, Van Schooten FJ
J Chromatogr B Analyt Technol Biomed Life Sci, 861(1):1017, 2008
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ABSTRACT

Analysis of exhaled air leads to the development of fast accurate and non-
invasive diagnostics. A comprehensive analysis of the entire range of volatile
organic compounds (VOCs) in exhaled air samples will enable the identification
of VOCs unique for certain patient groups. This study demonstrates proof of
principle of our developed method tested on a smoking/non-smoking study
population. Thermal desorption and gas chromatography coupled to time-of-
flight mass spectrometry were used to analyze exhaled air samples. The VOC
profiles obtained from each individual were combined into one final database
based on similarity of mass spectra and retention indexes (RI), which offers
the possibility for a reliable selection of compounds of interest. As proof of
principle we correctly classified all subjects from population of smoking (n=11)
and non-smoking (n=11) based on the VOC profiles available in their exhaled
air. Support vector machine (SVM) analysis identified 4 VOCs as biomarkers
of recent exposure to cigarette smoke: 2,5-dimethyl hexane, dodecane, 2,5-
dimethylfuran and 2-methylfuran. This approach contributes to for future
development of fast, accurate and non-invasive diagnostics of inflammatory
diseases including pulmonary ailments.
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INTRODUCTION

Medical diagnostics and monitoring devices are developing at a fast pace greatly
improving public health. Non-invasive analytic methods based on the presence
of hundreds of volatile organic compounds (VOCs) in exhaled air could further
expand the use of diagnostics. Exhaled air is easily obtained from patients
which facilitates repeat sampling of the same patient but also larger popula-
tions of patients at a lower cost. Many hundreds of VOCs are present in human
breath and the opinion is rising these compounds contain valuable information
on an individual’s disease status.58 The presence of some of these VOCs in
human breath is thought to be due to degradation of polyunsaturated fatty
acids by oxidative stress. This process called lipid peroxidation is a chain reac-
tion process in which reactive oxygen species (ROS) remove an allylic hydrogen
atom from lipid membrane structures. This gives rise to a conjugated radical
that is peroxidized by oxygen and this way prolongs the chain reaction. Among
the final stable reaction products of this process are saturated hydrocarbons
like ethane and pentane. These hydrocarbons enter the blood stream and due
to their low solubility in blood they are excreted into breath within minutes af-
ter formation. Therefore, they could potentially be used to monitor the process
of oxidative stress in tissues.3 One of the first exhaled air related studies was
performed by Pauling et al.47 who identified over 200 compounds present in
human exhaled air. And indeed some of these compounds have been associated
with different pathological conditions. For instance ethane and pentane levels
have been linked to oxidative stress and lipid peroxidation59 and a decrease
of exhaled isoprene levels correlated with exacerbations of cystic fibrosis.60 In
1985, Gordon et al. identified alkanes and mono-methylated alkanes in exhaled
air of lung cancer patients,61 stating the use of the identified compounds as pos-
sible biomarkers. In 1999, Phillips et al. selected 22 VOCs to classify subjects
with and without lung cancer,62 and in 2003 modified the VOC pattern by re-
ducing their number to nine.48 More recently in 2007 Phillips et al. concluded
that volatile biomarkers in breath were sensitive and specific for pulmonary
tuberculosis.15 In 2006 Barker et al. proved the feasibility of chemical breath
analysis for VOCs as they studied 12 volatile compounds in exhaled air in re-
lation to cystic fibrosis. Only one component demonstrated to be significantly
different in CF patients compared to healthy subjects.13 We developed a more
accurate approach of investigating the full range of VOCs in exhaled air and
obtained proof of principle by correctly classifying human breath of smokers
and non-smokers.

EXPERIMENTAL

Study subjects

A total of 22 subjects, 11 smokers and 11 non-smokers free from chronic lung
disease or respiratory tract infection, as confirmed by medical history, were
included in this study. Patient characteristics are shown in table 2.1. No
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restrictions were applied regarding drugs, alcohol or diet. Subjects were all
sampled at one centrally ventilated room at the university. Participation to
this study was voluntary. The authors are aware of the small group size, but
this study is set up to provide analytical proof of principle of the methodology
presented here and will in the future be used on very large subject groups.

Table 2.1: Subject characteristics

Smoking (n=11) Non-Smoking (n=11)
Age(years) 54± 13 47± 11
Packyears 26± 19 −
Sex (M/F) 4/7 6/5

Table 2.1: Overview of study population characteristics.

Sample collection and analysis

Exhaled air was collected by exhaling into inert Tedlar bags (5L). Subjects
were asked to inhale, hold their breath for 5 seconds and subsequently fully
exhale into the Tedlar bag. All Tedlar bags were washed twice with high-grade
nitrogen as described by the manufacturer before usage to make sure all con-
taminants were eliminated. The content of the Tedlar bag was transported
under standardized conditions onto desorption tubes; stainless steel two-bed
sorption tubes, filled with carbograph 1TD/Carbopack X (Markes Interna-
tional, Llantrisant, Wales, UK). These desorption tubes were placed inside the
thermal desorption unit (Marks Unity desorption unit, Marks International
Limited, Llantrisant, Wales, UK) and quickly heated to 270 ◦C in order to
release all VOCs and transport the released VOCs onto the GC-capillary. The
used desorption unit was highly suitable for repeated, quantitative and repro-
ducible measurements. Ten percent of the sample was injected into the GC,
the remaining 90% transported to another adsorption tube for storage and may
be used for later reanalysis. Just before the sample enters the GC the sam-
ple is trapped by a cold trap at 5 degrees Celsius in order to concentrate the
sample. Next VOCs were separated by capillary gas chromatography (column:
RTX-5ms, 30 m x 0.25 mm 5% diphenyl, 95% dimethylsiloxane, film thick-
ness 1.0µm, 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 max-
imum temperature 270 ◦C in the final step this temperature was maintained
for 5 min. 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 Hz and analysis run time to 33 minutes.
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Data-acquisition and data mining

Analysis of the data output files from the GC-TOF-MS was performed in suc-
cessive steps as described below

Peak detection and corrections

Automated peak detection and baseline correction were performed on the chro-
matographic raw GC/MS output data files. Baseline correction adjusts the
variable background by the following steps: first the background is estimated
within multiple shifted windows of width 200 m/z, next the varying baseline
is regressed to the window points using a spline approximation, and finally
adjusts the background of the input signal. Peak detection consisted of first
smoothing the signal. After this step peak locations were assigned. Finally
peaks not satisfying specific criteria, like full peak width at half height and
maximum base width were eliminated. The Raw GC/MS files contain mass
spectra at every MS-scan performed (sample frequency of 5 Hz). The resulting
output was saved to a file containing detected peak areas and respective scan
numbers. To combine mass spectra and areas belonging to the detected peaks
the raw GC/MS files and the peak detection output files were merged through
combination of scan numbers. This resulted in a file containing four columns:
scan numbers, retention times (RT), peak areas and mass spectra belonging to
the detected peaks. Normalization of RTs to retention indices (RI) is necessary
to reduce the instrumental variation by adjusting the retention times within
each sample run. This was achieved by normalizing RT to the toluene retention
time. Next the data were corrected for chromatographic drifting by determin-
ing retention indices of 13 widely available compounds (Acetone, 1-propanol,
benzene, toluene, furfural, xylene, styrene, heptanal, phenol, D-limonene, de-
canal, diethylphtalate, diphenylsulfide) in each chromatogram. RI times of
these compounds were used in applying corrections in order to line-up the RI
indices of all the sample files against one reference sample file. Polynomial
functions and interpolation was used to obtain the best fit and correct all RT
entries.

Matching peaks based on similarity of mass spectra and reten-
tion indices

Subsequently all the corrected files - one for each exhaled air sample - were
combined into one large database file by lining up all calculated peak areas of
the according compounds based on RI window settings and similarity match
factors (MFs) between mass spectra. The MFs between mass spectra were
calculated using the best performing routine according to Stein and Scott;63

the dot-product function that measures the cosine of the angle between spectra
represented as vectors. In order to combine the output files of all individuals
into one working file suited for statistical analysis, one file was chosen as refer-
ence file based on the overall quality of the measurement. Next a second output
file was selected. Compounds from this second file were to be combined with

29

thesis_JeroenvanBerkel_v03.pdf



There’s something in the air

the complementary compounds from the reference file. Combination of these
compounds was based on mass spectra similarity with use of the MF-values
and the potentially complementary compounds needed to be within a certain
RI-range. If no good fit was found the peak was added to the reference file as
a new entry. This data combination routine was repeated for every file to be
included. Finally the resulting dataset was checked for RI inconsistencies and
compounds demonstrating these RI-inconsistencies were removed if necessary.
This RI-inconsistencies-check is based on the fact that if the same instrumen-
tal procedure is used for the analysis of different samples the RI-order of the
detected compounds must be the same.

Quantification of peak areas

After all the corresponding peak areas of the complementary compounds were
combined into one large dataset, normalization of the peak-area data was per-
formed in order to be able to compare the different peak areas from different
samples. This was necessary because the exhaled air samples contained dif-
ferent unknown absolute volumes of exhaled air, which makes comparison of
amounts of compounds impossible. Another reason for normalization is to cor-
rect for fluctuations in the response of the mass spectrometer. Different types
of global normalization have been evaluated. The most promising rescaling fac-
tor used in this study is based on the cumulative area under the detected peaks
and implemented into the final database file. Since all chromatograms display
rather similar profiles this method of normalization is most robust. Another
benefit regarding this area scaling factor is that it does account for the baseline
noise present in the raw chromatographic signal. A measure to rule out most of
the noise resulted in discarding peaks with RI<0.15 and RI>2.8. The deleted
noise was mostly due to a high degree of column bleeding after RI>2.8. Also
the very light compounds that elute from the column before RI<0.15 usually
contain noisy mass spectra in our setup.

Classification model

To determine which compounds added to the database were of interest with
regard to the classification of smoking and non-smoking subjects, we used sup-
port vector machines (SVM). Several experiments have been performed with
different classifiers like random forrest, discriminant analysis, principal compo-
nent analysis. These experiments demonstrated SVM to outperform all others
regarding compound selection. SVM was able to select those compounds that
provided the best performance as implemented into a classifier. SVM demon-
strate the ability to construct predictive models with large generalization power
even in the case of large dimensionality of the data or when the number of ob-
servations available for training is low. SVM always seeks a globally optimized
solution and avoid over-fitting. This implies a large number of attributes (i.e.
compounds) is allowed. This encouraged us to implement this subset selection
algorithm into this study. This algorithm will select the most optimal subset
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of compounds able to correctly classify our dataset. A variety of subset selec-
tion methods was tested, like gain-ratio attribute evaluator. The best subset
of compounds was selected using the attribute selection option implemented
in Weka:64 a collection of machine learning algorithms for data mining tasks.
Attributes were selected using an SVM attribute evaluator. The attribute eval-
uator we used evaluated the worth of a subset of attributes by considering the
individual predictive ability of each feature along with the redundancy between
them. Preferably features will be selected showing high correlations within the
class and low inter-correlation. Next the selected attributes were analyzed and
ranked with use of SVM using recursive feature selection and removing one
attribute at a time. This way attributes were selected using the weight mag-
nitude as ranking criterion. After every run the least efficient attribute was
removed. All resulting subsets were analyzed for classification performance
with use of support vector classifiers based on John Platt’s sequential minimal
optimization algorithm and the random forest classification algorithm.65

RESULTS

Reproducibility and variability

To validate the newly developed method to extract the discriminating com-
pounds, the instrumental reproducibility and inter- and intra-individual vari-
ability were tested as well differences in exhalation patterns.

Instrumental reproducibility

Instrumental reproducibility was determined by analyzing identical exhaled air
samples that were obtained by emptying a filled bag over y-shaped connec-
tor onto two absorption tubes. The two absorption tubes were subsequently
analyzed by GC-TOF-MS. This experiment was repeated 6 times. The instru-
mental reproducibility was demonstrated by comparing the two complementary
chromatograms as demonstrated in figure 2.1. Already from visual inspection
of the two chromatograms it can be concluded that the two chromatograms are
highly similar, confirming a high degree of instrumental reproducibility. The
quantification of the similarity was done by means of calculation of a distance
measure (dot-product rule) and is presented in the boxplot of figure 2.2. This
distance measure is based on the similarity of the entire raw chromatogram.
Distance measure calculation of all complementary files resulted in a distance
measure ranging from 0.96 to 0.99. A value of ’1’ denotes identical samples,
the lower the value the lesser the degree of similarity.

Inter- and intra-individual variability in VOC-profiles

Intra-individual and inter-individual variability were also mapped. Intra-individual
variability was examined by repeated sampling of exhaled air from 10 non-
smoking subjects for 5 consecutive days and comparing the results per subject
from day to day. Inter-individual variability was examined by sampling 10
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Figure 2.1: Example of two chromatograms demonstrating Instrumental reproducibility. The
measured samples contained identical exhaled air samples. Visual inspection confirms high
degree of similarity.
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Figure 2.2: Boxplots of match factors that are based on similarity between raw chro-
matograms. Boxplot representing a) instrumental reproducibility match factors, b) exha-
lation flow rate depended match factors c) intra-individual variability match factors and d)
inter-individual variability match factors. As demonstrated the instrumental reproducibil-
ity (a) is by far the smallest, and as expected the inter-individual variability is larger (d)
compared to the inter-individual variability (c).
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non-smoking subjects and comparing the data from subject to subject. Ex-
amples of the resulting chromatograms are shown. In figure 2.3 one subject
sampled at two consecutive days is presented and it can be seen that the
two chromatograms show a high degree of similarity. Figure 2.4shows chro-
matograms from two different subjects sampled in the same room at the same
time. Shown chromatograms demonstrate that the degree of similarity is less
as compared to the chromatograms of figure 2.3. Again the similarity between
several chromatograms was quantified using a distance measure as previously
mentioned. The results regarding inter-individual and intra-individual variabil-
ity are shown in figure 2.2. This figure shows boxplots representing a) instru-
mental reproducibility match factors, b) exhalation flow rate depended match
factors c) intra-individual variability match factors and d) inter-individual vari-
ability match factors. As expected it can be seen from this figure that the
intra-individual variability ranging from 0.80 to 0.99 is far smaller than the
inter-individual variability ranging from 0.16 to 0.98; this is consistent with
previously performed studies.66,67
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Figure 2.3: Examples of representative chromatograms from a subject sampled at two con-
secutive days to examine intra-individual variability.

Exhalation characteristics and its impact on VOC-profiles

In order to determine whether standardization of the sampling method of the
subjects is necessary an experiment was performed to explore the effect of dif-
ferent exhalation patterns on VOC profiles. To determine whether differences
in exhalation air sampling of subjects was a variable in our newly developed
methodology 5 non-smoking subjects inflated 2 Tedlar bags as follows: one bag
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Figure 2.4: Examples of representative chromatograms from two different subjects sampled
at the same time to examine inter-individual variability.

was inflated by superficial exhalation and the other one was inflated after deep
inspiration, a 5 second breath hold and subsequent total exhalation into the
sample bag as suggested by Barker et al.13 This procedure was repeated five
times with approximately 90 minutes intervals in the same centrally ventilated
room. In figure 2.5 the resulting chromatograms are shown and as judged al-
ready from visual inspection it can be concluded that these complementary
chromatograms demonstrate a high degree of similarity suggesting that super-
ficial and deep exhalation are resulting in similar VOC profiles. Mann-Whitney
testing showed that only 58 out of the total of 1201 overall detected compounds
proved to be statistically different (p=0.05) for the two different exhalation
methods. After correcting for multiple testing by applying Bonferroni correc-
tion for the alpha-value no compound proved to be significantly affected by the
exhalation characteristics. Again quantification of the similarity was done by
means of calculation of a distance measure and is presented in the boxplot of
figure 2.2b. As can be seen the degree of similarity is comparable to the intra-
individual similarity, proving difference in exhalation patterns did not lead to
significant difference in VOC profiles within an individual.

Validation of methodology on exhaled air from smokers and
non-smokers

To validate the methodology we analyzed the exhaled air from 11 smoking
and 11 non-smoking subjects. The subjects exhaled a mean of 381 identified
different VOCs. All 22 subjects were combined into one large database. In
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Figure 2.5: Examples of representative chromatograms from a subject inflating a bag super-
ficially (upper graph) and deeply (lower graph).

order to correctly combine the peaks from different subjects an MF-threshold
value of 0.85 and an RI-window value of 0.045 were used. This resulted in a
database of 22 subjects and 3211 compounds, 467 compounds were present in
at least 5 of the 22 subjects. Compounds that were detected in only 2 of the
subjects or less were discarded since these compounds do not exert any dis-
criminatory power due to their low occurrence rate and might introduce noise
if implemented into the classification model. This value of at least 3 times
availability has been introduced by trial and error testing of different threshold
values and from similar experiments as mentioned in literature.68 Applying this
threshold criterion resulted in a database consisting of 1095 components. The
selection of peaks that discriminate smokers from non-smokers as described in
the ’Classification model’ section was based on this final database. The most
optimal classification model was based on a support vector classifier using just
4 VOCs. This model classifies all subjects correctly regarding their smoking
behavior as tested with a 10 times cross validation. Other classification models
like random forest, random tree, multilayer perceptrons and Bayesian classifier
were also used but the various classifiers tested did not yield improved per-
formances. The same observation was reported by Guyon et al.69 Since the
model based on SVM outperformed other classifiers, this type of classifier was
selected. We identified VOCs implemented into the classification model with
spectrum recognition using the NIST library in combination with spectrum in-
terpretation by an experienced mass-spectrometrist and identification based on
retention times of components. Table 2.2 shows the identified VOCs. Figure
2.6 shows the relative amount of the relevant compounds available in the ex-

35

thesis_JeroenvanBerkel_v03.pdf



There’s something in the air

Table 2.2: Identified VOCs

Compound Name Retention Time (min.) No. times detected in 22 samples
2,5-dimethyl hexane 7.98 11
Dodecane * 17.45 17
2,5-dimethylfuran 7.46 8
2-methylfuran 4.16 7

Table 2.2: Compounds used in the classification model to classify smokers and non-smokers
using VOCs in exhaled air. *:confirmed by retention index.

haled air. Bars left from the dotted line represent non-smoking subjects, bars
to the right of the dotted line represent the smoking group; the height of the
bar represents the normalized integrated peak area of the selected component.
As can be seen from figure 2.6 the combined classification power of these four
compounds is in most subjects based on availability in smoking subjects versus
absence or levels below detection limit of these compounds in exhaled air of
non-smoking subjects. As can be seen from figure 2.6 the individual classi-
fication power of each compound is not 100%. The SVM implementing and
combining data from all 4 compounds is however able to classify all subjects
correctly.
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Figure 2.6: Compound availability of identified discriminatory compounds used in an SVM
model able to classify all smoking/non-smoking subjects correctly. Left sides of the graphs
depict the non-smoking subjects, the right sides depict the smoking subjects. a) 2,5-
dimethylhexane b) dodecane c) 2,5-dimethylfuran , d) 2-methylfuran.

DISCUSSION

VOCs in exhaled air are thought to represent several processes in the human
body, like metabolism and lipid peroxidation, and therefore have a great poten-
tial as non-invasive biomarkers of human health, presence and possibly severity
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of disease. In this paper a newly developed method for analyzing and data
processing of exhaled air samples has been presented and tested on a small
validation set of exhaled air samples of 11 smoking and 11 non-smoking sub-
jects. We are aware that the analysis of exhaled air and more specifically the
analysis of VOCs from exhaled air and relating them with disease is not a
new approach.47,62 We want to emphasize that in the present study, a more
robust method was developed for sampling and datamining of the acquired
data than was published until now. One of the main advantages of our ap-
proach is that raw mass spectra are used to find complementary compounds
in all subjects, instead of combining compounds based on identity. The match
factor as described by Stein et al.63 is implemented to determine the degree
of similarity between measured mass spectra instead of comparison against li-
brary mass spectra. We experienced that first identifying the compounds and
than finding complementary compounds in the samples based on compound
names, introduced more mismatches compared to matching based on the raw
mass spectra. We are confident that comparing the retention times and match
factors will result in more correctly combined compounds in the respective
subjects. The selected subjects exhaled into a Tedlar bag and volatile organic
compounds were trapped on desorption tubes and analyzed with use of a gas-
chromatograph in line with a time-of-flight mass spectrometer. The resulting
data were processed using newly developed routines. To validate this analytical
method several reproducibility and variability measurements were performed
to assess instrumental variability and both inter- and intra- individual vari-
ability. As demonstrated by figure 4 the instrumental variability (a) is very
small which confirmed the high reproducibility of our technology. As expected,
inter-individual variability is larger than intra-individual variability and both
show greater variation than instrumental variability, again confirming the re-
liability of our methodology. Other studies detecting VOCs in exhaled air
mentioned the necessity to correct for chemical background appearing in their
samples. In our case, no background corrections have been taken into account.
This due to the fact it will not be possible to correct for the complex inter-
dependencies between excretion and uptake of VOCs by easily subtracting the
inhaled from the exhaled air.3 Moreover, background noise will be randomly
distributed between subjects’ samples and would thus not exert any discrimi-
natory power, nor interfere with the outcome of the analyses. We are aiming
with discriminative analysis only to select those compounds that are specific for
the disease or condition and should thus principally not depend on background
chemicals. The data-analysis design was finally tested on a dataset containing
1095 VOCs from 11 smoking and 11 non-smoking subjects. After classification
analysis, a support vector classifier based on only 4 compounds - identified
as 2,5-dimethylhexane, dodecane, 2,5-dimethylfuran and 2-methylfuran - was
able to correctly classify all subjects based on 10-times cross validation. The
authors are aware that simpler statistical approaches like T-statistics or dis-
criminant analysis will perform similar in a small group size as the one used
in this study. But since this methodology was designed to be used on large
groups with hundreds of subjects a powerful approach like SVM was chosen.

37

thesis_JeroenvanBerkel_v03.pdf



There’s something in the air

We are aware of the fact that use of an SVM classifier to correctly classify 22
subjects is a bit overpowered, but here we merely provide a proof of principle.
The origin of the discriminating compounds in exhaled air remains unclear so
far, although these compounds have been identified previously in relation to
smoking. In 2002 Gordon et al. already demonstrated 2,5-dimethylfuran to be
a promising breath biomarker in detection of active smoking70 and Sanchez et
al. in 2006 identified 2,5-dimethylfuran and 2-methylfuran as strong indicators
of smoking status.66 Although it is well known that active cigarette smoking
directly affects the levels of benzene and other VOCs in breath of smokers and
previous research demonstrated that concentrations of benzene detected in ex-
haled air of smokers are always higher than of non-smokers,67,71 benzene and
other important constituents of cigarette smoke have not been included in our
most optimized model. The exclusion of for example benzene is because this
model represents the best subset of compounds that provides the most opti-
mal classification, also taken the redundancy of the compounds into account.
In conclusion, this study demonstrated the functionality of our approach of
exhaled air analysis by demonstrating discrimination based on smoking sta-
tus of subjects. The presented methodology is very accurate and has great
power. This design regarding the analysis and identification of discriminatory
biomarkers in exhaled air might allow for non-invasive monitoring of inflam-
mation and oxidative stress in the respiratory tract in patients suffering from
(inflammatory) lung diseases.
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ABSTRACT

Background

The elucidation of volatile chemical compounds specifically produced by mi-
croorganisms may assist in developing a fast and accurate methodology to de-
termine pulmonary bacterial infections. Identification of microorganisms could
be done by determination of predefined compounds in culture headspace. De-
velopment of this methodology might ultimately lead to the identification of
bacterial species.

Methods

Over 300 bacterial headspace samples from 4 different microorganisms were an-
alyzed by gas chromatography-mass spectrometry to identify relevant VOCs,
and compose a profile of VOCs enabling identification of the different microor-
ganisms (Escherichia coli, Pseudomonas aeruginosa, Staphylococcus aureus and
Klebsiella pneumoniae). Both differently abundant VOCs were determined and
classification models based on support vector machines (SVM) were used to al-
low classification of the samples. Cross validation was applied to validate the
results.

Findings

We were able to identify a large number of compounds demonstrating a highly
significant difference in availability in bacterial cultures compared to medium
and in cultures compared to one another. We have also determined highly sig-
nificant compounds differing between the four Escherichia coli strains and be-
tween the two Staphylococcus aureus isolates: methicillin-resistant Staphylococ-
cus aureus (MRSA) and methicillin-sensitive Staphylococcus aureus (MSSA).
SVM models were able to classify the microorganisms with very high degrees
of sensitivity and specificity based on -on average- 6 VOCs from headspace.

Interpretation

We demonstrated that identification of the studied microorganisms is possible
based on a few compounds measured in headspace of these cultures. It pro-
vides a fast, non-invasive, cost effective and sensitive technique as a potential
diagnostic approach in medical microbiology.
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INTRODUCTION

Recent advances in technologies allow researchers to analyze in more detail
metabolic processes and the products evolving from these processes in microor-
ganisms. Detection and identification of microorganisms might prove useful in
fields as diverse as biotechnology and infection biology. There is an urgent need
for rapid diagnostic tests that can at point of care identify the pathogen(s) and
the presence of markers of resistance. For serious infections and when resistance
is present immediate early therapy is critical. Therefore, the use of rapid diag-
nostic tests to confirm the presence of a pathogen and/or a resistance biomarker
directly from the clinical specimen and subsequent accurate antimicrobial ther-
apy, can potentially improve clinical outcome and facilitate the efficient conduct
of clinical trials.72 In clinical practice, rapid diagnostic tools can avoid useless
antibacterial treatment in case of viral infection and can allow selection of
appropriate antimicrobial treatment for specific pathogens. Quantitative and
qualitative analysis of certain specific volatile organic compounds (VOCs) in
headspace might enable mapping of the metabolic processes in microorganisms
and enable fast identification of these microorganisms. Probert et al. investi-
gated the composition of VOCs in headspace from stool samples from patients
suffering from infectious diarrhea. Different VOC profiles were demonstrated
to correlate with different causative organisms.73

Micro organisms release these VOCs mainly as metabolic products during
growth, as secondary metabolites for protection against antagonists and com-
petitors, or as signalling molecules in cell-to-cell communication. Previous
research has already isolated profiles of VOCs from ascomycetous yeast strains
and profiles of VOCs have also been determined for the classification of endo-
phytic fungi. Gas chromatography-mass spectrometry has been used for the
identification of bacterial VOCs from cultures of cyanobacteria. However no
research has been reported sofar on the analysis of the entire profile of VOCs
produced or altered by microorganisms.
In the present time VOCs related to microorganisms are once again considered
for their potential in identification and monitoring due to the development of
efficient sample collection, sensitive analytic technologies for separation and
identification and more advanced statistical analyses able to datamine the gen-
erated output. Gas chromatography-mass spectrometry (GC-MS) is highly
suitable for identifying and characterizing VOCs related to certain microorgan-
isms that at a later stage could be exploited through sensor-based detection
like enose.74 The objective of this study is to analyze all VOCs from various
microbial cultures by GC-MS and determine which VOCs or profiles of VOCs
might enable rapid and easy identification of the cultures. Here we present a
sampling and analysis methodology that is capable of identifying significantly
different VOCs between different microbial cultures. Additionally we report
the use of classification models based on support vector machine (SVM) clas-
sifiers. These VOCs as implemented into an SVM classify these cultures with
a high degree of accuracy.
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METHODS

Samples

Four different bacterial species were tested: Escherichia coli (E. coli) (n=75),
Pseudomonas aeruginosa (P. aeruginosa) (n=52), Staphylococcus aureus (S.
aureus) (n=81) and Klebsiella pneumoniae (K. pneumoniae) (n=40). In or-
der to assemble the necessary control samples 70 flasks containing only medium
underwent the same procedure in order to achieve the highest degree of method-
ological standardization. Four different E. coli strains were used: E. coli ATCC
25922 (n=30), the extended spectrum bèta-lactamase producing (ESBL) E. coli
ATCC 35218 (n=24), E. coli 47.4.1.039b (n=10) and E. coli 34.4.2.038 (n=11).
The S. aureus species were subdivided into two strains: methicillin-resistant
Staphylococcus aureus (MRSA) (n=41), methicillin-sensitive Staphylococcus au-
reus (MSSA) (n=40).

Sample collection and analysis

Bacteria 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 hours under constant agitation at 37◦C.
Subsequently 0.5 ml of the culture was transferred into 100 ml sterile Mueller-
Hinton broth (CM405 Oxoid) in 1L culture flasks. After overnight incubation
at 37◦C the culture flasks were flushed with high-grade nitrogen connected
to the inlet of a custom made flaskcap. Designed in order to transport the
contents of the headspace of the cultures, under standardized conditions, onto
stainless steel two-bed sorption tubes connected to the outlet connection of
the flaskcap. Effort was made to minimize air contamination at opening and
connecting the flasks. The custom made flaskcap provided the means to do so.
The connected desorption tubes are packed with carbograph 1TD/Carbopack
X (Markes International, Llantrisant, Wales, UK) that trap VOCs. These
desorption tubes were placed inside a thermal desorption unit (Marks Unity
desorption unit, Markes International Limited, Llantrisant, Wales, UK) and
subsequently heated to 270◦C in order to release all VOCs onto the gas chro-
matography 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 are
separated by GC (ThermoFisher Scientific., Austin, Texas, USA) and subse-
quently detected by a time-of-flight mass spectrometer (TOF-MS) (Thermo
Electron Tempus Plus time-of-flight mass spectrometer, ThermoFisher Scien-
tific, Austin, Texas, USA). The temperature of the gas chromatograph was
programmed as follows: 40◦C during 5 min., then raised with 10◦C/min until
the final temperature of 270◦C. This temperature was maintained for 5 min.
Electron ionization at 70 eV was used combined with a 5Hz scanning rate over
a mass range of m/z 35-350 amu. An example of a bacterial headspace chro-
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matogram is shown in figure 3.1. Each peak represents a compound and the
area underneath the peak is related to the amount the compound was available
in.
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Figure 3.1: Example of a chromatogram produced by a GC-TOF-MS measurement of E. coli
ATCC 35218 headspace. Each peak represents a compound, compound quantification can
be done by calculation of the area under the peak.

Data-acquisition

Analysis of the data output files from the GC-TOF-MS was performed in suc-
cessive steps as previously described in detail.22 The output files generated by
the GC-MS software were converted to ASCII format and subsequently pro-
cessed by our in house developed software based on MATLAB®. This included
the following steps. After denoising the data and application of baseline cor-
rections on all analysis output files peak detection was performed and the area
under the peak was calculated. Normalization of the calculated peak areas was
performed using an area scaling factor. This rescaling factor is based on the
cumulative area under the detected peaks since this standardization principle
proved to be the most robust.22 To correct for chromatographic drifting the
retention times (RT) of all samples were adjusted. This was done by selecting
a number of peaks available in all samples and using a linear regression fit.
This correction is very effective, easy to perform and eliminates the use of an
added internal standard, adding to the straight-forwardness and robustness of
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the presented methodology.
The output files were then merged by combining corresponding compounds
based on retention time and degree of similarity of the corresponding mass
spectra, by determining the match factor values (MFs). The degree of mass
spectra similarity using a match factor was based on the similarity index as
described by Stein et al.:63 the dot-product function that measures the cosine
of the angle between spectra represented as vectors. These match factors were
only determined for compounds within a selectable RT-window. MF-threshold
values were determined based on a variety of complementary compounds man-
ually combined. The MFs calculated for these compounds demonstrated to be
at least 0.842. Since compounds available in a very low number of samples
might obstruct the statistical analysis (since these compounds will be highly
effective in discriminating the corresponding samples) a minimum availability
threshold of 8% of samples was introduced according to Penn et al.68

Component selection

For the selection and determination of interesting compounds two different
approaches were used:

- Analyzing the compounds and determining the significantly different
compounds based on a t-test combined with a Bonferroni correction
as the dataset demonstrated to be normally distributed. These signifi-
cantly different compounds might hold valuable information and effort
was made to select those compounds that hold the potential of a single
biomarker for the detection of the bacteria. Analysis of these compounds
might also provide insight into the changes in physiology for future re-
search. We are however aware that numerous compounds are still not
biologically linked to metabolic or disease pathways.

- Informative compounds fitted into a support vector machines (SVM)
classification model were selected. This approach provides information
regarding a profile of VOCs combined into an SVM model that holds
predictive power towards detection of the bacteria. Previous research
already demonstrated classification based on a profile of VOCs is far su-
perior compared to classification based on single compounds.22

The SVM approach was chosen for its ability to construct predictive models
with large generalization power even in the case of large dimensionality of the
data when the number of observations available for training is low,69 which is
obviously the case here. SVM are specifically useful since it seeks a globally
optimized solution and avoids over-fitting, so a large number of features or
compounds is allowed. The compounds are selected through a number of vari-
able selection criteria. This selection algorithm will select the optimal subset of
compounds able to correctly classify the dataset. A variety of subset selection
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methods was tested, among which the gain-ratio attribute evaluator. In order
to obtain the best subset of compounds the attribute selection option imple-
mented in Weka (Waikato Environment for Knowledge Analysis)64 was used.
Compounds were selected using an SVM attribute evaluator. The attribute
evaluator we used evaluated the worth of a subset of compounds by considering
the individual predictive ability of each compound along with the redundancy
between them. Preferably compounds were selected showing high correlations
within the class and low inter-correlation. After every run the least efficient
compound was removed. A subset of the highest ranking compounds was im-
plemented into an SVM classifier trained with John Platt’s sequential minimal
optimization algorithm.65 The SVM classifiers were validated and performance
was tested using 10 times cross-validation in which the entire dataset is split re-
peatedly into a test set (90% of samples) and a validation set (10% of samples).

RESULTS

In headspace of the 318 samples a total of 5000 compounds were detected by
GC-TOF-MS. From the total VOCs measured a number of 912 different com-
pounds were implemented into the final dataset based on the 8% inclusion rule
as proposed by Penn,68 which means that each implemented compound was
available in at least 25 samples. This is necessary in order to avoid selection
of compounds detected in a small number of samples (or even only one sam-
ple) resulting in a large discriminatory power but low predictive value of these
compounds with regards to the few number of samples they were detected in.
The data were tested for normal distribution before significantly different com-
pounds were determined in different approaches.
The first approach was comparison of samples of headspace from flasks contain-
ing only growth medium to headspace from samples containing microorganisms.
The second approach studied a cross-comparison of headspace of all individ-
ual bacterial cultures, the third approach looked for discriminating compounds
between the four different strains of E. coli and finally the fourth approach
studied discriminating compounds between the two S. aureus strains. For each
configuration significantly different compounds were selected (p≤0.05). Tables
3.1-3.10 display the most significantly different compounds, their availability
and the relevant p-value.
The total number of significantly different compounds between bacterial cul-
tures and flasks containing only medium was 44. Table 3.1 shows the 10 most
significant compounds and their identity as based on the NIST library and
spectrum interpretation by an experienced spectrometrist. Presented in figure
3.2 is a heatmap demonstrating the availability of these ten highly significant
compounds in all samples as identified in table 3.1 in which compound number
is equal to compound number as denoted in the heatmap. The compounds dis-
played in this heatmap are all normalized to maximum (=1) in order to produce
an interpretable graph. As shown in figure 3.2 the discriminatory power of the
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most significantly different compounds for bacterial cultures are those with a
high availability of these compounds in medium and absence or lower availabil-
ity in cultures. There are however also several compounds that demonstrate
their discriminatory power based on availability of these compounds in cultures
and absence or lower availability in medium. This indicates constituents of the
growth medium are used for growth of the bacteria and as such consumed by
them resulting in disappearance of VOCs.
The total number of significantly different compounds with regards to the sec-
ond approach determined with a cross-comparison of headspace of all individual
bacterial cultures ranged from 23 to 41. Tables 3.2-3.5 show for each culture
the 10 most significantly different compounds and their identity based on the
NIST library and interpretation of the mass spectra by an experienced spec-
trometrist. Presented in figure 3.3 is a heatmap demonstrating the availability
of the ten most significantly different compounds in all cultures demonstrating
p-values ranging from 0 to 0.00011. As shown in figure 3.3 the discriminatory
power of these ten most significantly different compounds is based predomi-
nantly on availability in the selected bacterial culture versus absence of these
compounds in the remaining bacterial cultures or vice versa. This indicates
that subsets of VOCs are found that are highly specific for a certain culture.
The third approach analyzed significantly different compounds from the 4 dif-
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Figure 3.2: Heatmap demonstrating significantly different compounds and their availability.
Compounds were selected as comparing headspace from medium samples to all headspace
samples containing bacteria. Compound numbers denote identification of compounds as
presented in table 3.1.

ferent E. coli strains. Depending on which strains were compared the number
of significantly different compounds ranged from 3 to 15 compounds. Results
are presented in a similar fashion as described above in tables 3.6-3.9 and fig-
ure 3.4. The number of significantly different compounds is less compared to
the previous studied configurations demonstrating a higher degree of similarity
between the 4 strains. E. coli 34.4.2.038 only demonstrated three compounds
of significant interest, E. coli 47.4.1.039b a total of 12 E. coli ATCC 25922 a
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total of 15 and E. coli ATCC 35218 a total of 10. Figure 3.4 demonstrates
that the discriminatory power of significantly different compounds in E. coli
34.4.2.038 is based both on availability and absence (or lower availability) of
these compounds in contrast to the other configurations where the discrim-
inatory power is mainly based on availability in the selected culture versus
unavailability in the remaining cultures. The lower number of different com-
pounds regarding the four E. coli strains is in accordance with the hypothesis
that cultures demonstrating a high degree of similarity do also demonstrate a
high degree of similarity in their headspace.
The final approach determined significantly different compounds between the
2 S. aureus strains; MRSA and MSSA. Results are presented in table 3.10 and
figure 3.5. As can be seen from these data the MSSA strain demonstrates avail-
ability of compounds for 8 out of the 10 most significantly different ones. The
remaining 2 compounds demonstrate a higher degree of availability in MRSA.
Almost all 10 compounds could accomplish full separation of the two strains if
applied individually.
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Figure 3.3: Heatmap demonstrating significantly different compounds and their availability.
Compounds were selected as comparing cultures to one another. Compound numbers denote
identification of compounds as presented in tables 3.2-3.5.

Support vector machine analysis

For all four approaches (medium vs cultures, culture vs remaining cultures, E.
coli cross-culture analysis, S. aureus cross-culture analysis) all 912 compounds
were used in the SVM analysis in order to deduce the optimal SVM model. Re-
garding all approaches an SVM model was build and performance was tested
with 10-times cross validation. The SVM models demonstrating optimal classi-
fication of discrimination between medium and culture samples based on an in-
creasing number of VOCs implemented is shown in table 3.11. This table shows
the correct classification fraction related to the number of VOCs implemented
into the model. The optimal model was based on 5 VOCs only misclassifying 2
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Figure 3.4: Heatmap demonstrating significantly different compounds and their availability.
Compounds were selected as comparing E. coli cultures to one another. a) E. coli ATCC
35218, b) E. coli ATCC 25922, c) E. coli 47.4.1.039b and d) E. coli 34.4.2.038. Compound
numbers denote identification of compounds as presented in table 3.6-3.9.
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Figure 3.5: Heatmap demonstrating significantly different compounds and their availabil-
ity. Compounds were selected as comparing S. aureus cultures to one another. Compound
numbers denote identification of compounds as presented in table 3.10.
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samples. Addition of more VOCs to the model did not improve performance.
By removing the least valuable VOC of these 5 selected VOCs results in a
profile of 4 VOCs; the optimal SVM model based on these 4 VOCs classified
97% of samples correctly, misclassifying 10 samples. Again after removing the
least valuable remaining VOC an SVM model based on three VOCs classified
correctly 97% of samples, the SVM based on two VOCs correctly classified
97% and the SVM model based on only one VOC correctly classified 94% of
samples. By looking at table 3.1 the significantly different compounds between
samples of headspace from medium to samples of headspace from all bacterial
cultures three compounds have been implemented in the optimal SVM model:
2-methyl-3-hexanol, 2-methyl-butanal and benzaldehyde. The remaining com-
pounds do not demonstrate a high degree of significance but do add valuable
information regarding the classification. This due to the fact that selection
of the VOCs to be implemented into the SVM model was based on adding
information while lowering redundancy of the information therefore not only
highly significant VOCs are implemented since these will apparently provide
more redundant information.
In case of classification of the cultures against one another, we found 6 VOCs
implemented into the optimal SVM model classifying 96% of samples correctly,
based on 5 VOCs the model correctly classified 94% of samples. Degree of
correct classification went below 90% with an SVM model based on 4 VOCs.
The most significantly different VOC comparing P. aeruginosa to the remain-
ing cultures proved to be trimethoxy-methane and like demonstrated in table
3.12 this compound is able to correctly classify 82% of P.aeruginosa samples.
Also 2-methyl-1-dodecanol is implemented into the most optimal performing
SVM model while also demonstrating highly significant differences in availabil-
ity comparing K. pneumoniae and P. aeruginosa to all remaining cultures as
shown in tables 3.4 and 3.5.
The optimal SVM model classifying the strains of the E. coli samples correctly
did so with a 92% correct classification. Only 4 VOCs were implemented in
this model as shown in table 3.13. Two out of four compounds implemented
into this best performing SVM model were also highly significantly different in
the E. coli strains. 2-Methyl-undecanal proved the most significant VOC in
both E. coli ATCC 25922 and E. coli ATCC 35218 as compared to all other
strains (tables 3.8 and 3.9) and 1-methyl-1-ethoxy-cyclobutane proved highly
significant in comparing E. coli ATCC 35218 to all remaining E. coli cultures.
The two strains of S. aureus only one compound was selected enabling 100%
correct classification of the 81 samples; 3-methyl-2-butanal. This also demon-
strated to be the most significantly different compound as shown in table 3.10.
This highly significantly different compound demonstrated a higher degree of
availability in all MSSA samples compared to MRSA samples and might be
used as an individual biomarker. This compound has not been described in
literature as related to MSSA.
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DISCUSSION

In the present study headspace was analyzed from cultures from 4 different
bacterial species with use of GC-TOF-MS. Extensive tests were previously
performed to ensure robustness and reliability of the standardized measure-
ment protocol.22 Different bacterial cultures were grown in culture flasks and
headspace was collected and analyzed by means of GC-MS. Over 300 com-
pounds were detected in each sample and after combining all analysis results (E.
coli (n=75), P. aeruginosa (n=52), S. aureus (n=81), K. pneumoniae (n=40)
and samples containing only medium (n=70)) a total of 912 compounds were
implemented into the database. These compounds demonstrated an availabil-
ity of at least 8% in all samples.68 We were able to identify a large number
of compounds demonstrating a highly significant difference in availability be-
tween bacterial cultures compared to medium and compared to one another.
We have also determined the highly significant compounds between the four E.
coli strains. The number of significantly different compounds between the four
E. coli strains was lower compared to the number of compounds demonstrat-
ing significant differences between cultures of different microorganisms thus
demonstrating the likeness of the VOC profile of the four E. coli strains.
When comparing the samples containing only medium to all bacterial culture
samples the compounds with the highest degree of differences between the two
groups were those present in headspace from samples containing only medium
and absent in headspace from cultures. Most likely these compounds are de-
rived from medium and metabolized by different bacteria. Nonetheless origin
of the identified VOCs remains elusive because it shows that bacteria may give
rise to changes in the profile of VOCs as metabolic products are degraded or
formed as described by Syhre et al. who already monitored bacterial headspace
changes.75 A few identified compounds are already mentioned in literature as
VOCs found in headspace of bacterial cultures. For instance organosulfur com-
pounds like dimethylsulfide and methanethiol have been shown to be available
in E. coli headspace as is confirmed by our analysis. Indole is mentioned as
a metabolic byproduct in E. coli76 and proved to be the most significantly
different compound in headspace comparing all E. coli strains combined to all
other bacterial headspaces in our samples.
Our study demonstrates that an SVM model is able to correctly classify the
different cultures with a high degree of sensitivity and specificity even differen-
tiating between the four different strains of E. coli using a very small number
of compounds. Most of the compounds implemented into the model demon-
strated a high degree of significant difference in availability and compounds
appeared to be mainly long chain hydrocarbons.
One of the innovative steps of our approach compared to other studies in this
field is that we use the raw mass spectra to find matching compounds in all
subjects instead of searching for matching compounds based on their chem-
ical identification. This results in a far more precise and accurate dataset
since chemical identification remains elusive and numerous misidentifications
result in attenuating the discriminatory power of the analysis. Introducing
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the match factor in order to directly match compounds from different samples
based on their mass spectra increases accuracy. This is due to the fact that
compounds are compared to one another as measured with the same experi-
mental setup thus eliminating the differences between library mass spectra and
measured mass spectra arising from use of different setups. As a result a supe-
rior database can be formed. Nonetheless, final identification of the compounds
is opportune, though it remains difficult and in a few cases uncertain.
One of the disadvantages of our methodology is the use of GC-MS and the fact
that it is not suitable to do temporal measurements. Therefore we made sure all
analyzed cultures were sampled at the same time after the addition of the cul-
tures to the medium. We only performed one measurement on each sample. An
alternative to this might be the use of proton transfer reaction mass spectrom-
etry (PTR-MS) that supports continuous measurements but this methodology
is not able to identify compounds with a high degree of accuracy since PTR-MS
cannot differentiate between compounds with the same molecular weight and
does not provide identification by means of mass spectra. On top of that frag-
mentation and clustering of product ions further complicates the qualitative
interpretation of the mass spectra and require detailed correlation analyses of
the observed signals in PTR-MS.77 Since we wanted to map and identify the
discriminating VOCs from headspace with a high degree of accuracy GC-TOF-
MS was used.
We are aware that use of different growth media gives rise to different VOC
profiles in bacterial headspace. We chose not to use and test for different
media in order to achieve a high degree of standardization. This results in a
more homogeneous database of detected VOCs thus increasing the power of our
statistical analysis to extract those VOCs that actually discriminate between
different microorganisms.
Our main goal was to employ a robust methodology as a whole not influenced by
too many confounding factors. We recently demonstrated our chemical anal-
ysis, data handling and accurate data mining provide a highly reproducible
methodology.22

Now that interesting VOCs have been selected and identified new advances in
diagnostic tools like the electronic nose55,78 might be designed to be specif-
ically tuned to detect the aforementioned VOCs in order to provide a fast,
non-invasive, cost effective and sensitive diagnostic technique to be used for
the detection of described (and likely other) microorganisms. Without these
specifically tuned sensors however the presented GC-MS methodology might be
of great value since analysis times are fast and results can be obtained within
short time additionally it is highly cost-effective while demonstrating a high
degree of sensitivity and specificity.
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Table 3.1: Significant VOCs present in headspace
from medium compared to all bacterial cultures.

Medium Cultures
n=70 n=248

Chemical structure Mean±SE Mean±SE
2-ethyl-hexanal 276.77± 17.04 32.51± 2.75
benzaldehyde 310.85± 21.92 18.55± 3.29
1-penten-3-ol 32.03± 2.61 2.04± 0.29
2-pentanal 24.36± 1.94 1.81± 0.42
5-nonanone 737.67± 51.29 162.25± 13.57
2-methyl-butanal 12.23± 1.48 0.27± 0.17
3-cyclohexen-1-ol 7.88± 1.18 0.1± 0.05
unknown 18.36± 2.86 0± 0
unknown 7.26± 0.96 0.13± 0.04
2-methyl-3-hexanol 20.3± 3.24 0.24± 0.16

Table 3.1: Ten most significantly different compounds present in headspace from medium
compared to all bacterial cultures. Values are normalized availability of a compound in the
samples.

Table 3.2: Significant VOCs present in headspace
from S. aureus compared to all other cultures.

S. aureus Cultures
n=81 n=167

Chemical structure Mean±SE Mean±SE
3-methyl-2-butenal 9.88± 0.94 1.88± 0.3
2-methylamino-1-phenyl-2-propanone 3.73± 0.73 0.25± 0.07
unknown 0.66± 0.1 0.05± 0.01
unknown 4.22± 0.62 0.56± 0.13
4-methyl-cyclopentadecanone 0.35± 0.06 0.05± 0.01
unknown 8.49± 0.35 1.29± 0.25
5-methoxy-1-pentene 4.22± 0.48 0.53± 0.12
dimethyltrisulfide 102.18± 7.68 21.77± 3.15
2-methyl-butanal 74.27± 13.51 7.82± 2.3
1-methylcyclopropane-methanol 1.04± 0.26 0.03± 0.02

Table 3.2: Ten most significantly different compounds present in headspace from S. aureus
compared to all other cultures. Values are normalized availability of a compound in the
samples.
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Table 3.3: Significant VOCs present in headspace
from E.coli compared to all other cultures.

E. coli Cultures
n=75 n=173

Chemical structure Mean±SE Mean±SE
indole 196.3± 11.43 0.68± 0.21
3-pentanol 291.01± 18.89 0.03± 0.03
methylpropyl-disulfide 8.04± 0.55 0.25± 0.06
propylester-propanoic acid 23.72± 2.07 0.01± 0.01
unknown 0.74± 0.07 0± 0
2-ethyl-furan 19.85± 0.92 2.8± 0.59
unknown 52.17± 4.6 1.82± 0.55
nonanal 39.05± 2.11 6.1± 1.14
ethylester-propanoic acid 20.1± 2.12 0.13± 0.05
1-ethyl-3-methyl-benzene 28.3± 1.92 5.58± 0.68

Table 3.3: Ten most significantly different compounds present in headspace from E.coli com-
pared to all other cultures. Values are normalized availability of a compound in the samples.

Table 3.4: Significant VOCs present in headspace
from P. aeruginosa compared to all other cultures.

P. aeruginosa Cultures
n=52 n=196

Chemical structure Mean±SE Mean±SE
trimethoxy-methane 22.32± 2.31 0.01± 0.02
2-methyl-1-dodecanol 46.28± 5.09 0.24± 0.18
2-heptene 0.62± 0.07 0± 0
2-methyl-undecanal 84.61± 5.97 10.04± 2.78
3,3-diethoxy-1-propene 45.58± 5.42 0.01± 0.02
2,2-dimethyl-pentane 5.95± 0.41 0.51± 0.23
2-methyl-butanoic acid 4.44± 0.56 0± 0
2-methylthio-propane 67.03± 9.11 0.17± 0.17
3-methyl-formate-1-butanol 5.85± 0.68 0.21± 0.18
1,3-pentadiene 209.58± 13.39 39.63± 6.91

Table 3.4: Ten most significantly different compounds present in headspace from P. aerug-
inosa compared to all other cultures. Values are normalized availability of a compound in
the samples.
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Table 3.5: Significant VOCs present in headspace
from K. pneumoniae compared to all other cultures.

K. pneumoniae Cultures
n=40 n=203

Chemical structure Mean±SE Mean±SE
2-methyl-1-butanol 121.71± 21.88 21.12± 7.62
2-pentene 234.43± 9.43 63.65± 5.43
2-methyl-1-dodecanol 0.37± 0.05 0± 0
unknown 239.26± 11.46 65.12± 4.27
unknown 0.67± 0.09 0.02± 0.01
unknown 18.98± 1.86 2.56± 0.38
1-octen-3-one 3.19± 0.51 0.02± 0.02
3,5-dimethyl-1-Hexene 0.26± 0.05 0± 0
1,2 dimethyl-cyclopropane 69.67± 3.24 15.75± 1.73
1-hepten-3-one 0.63± 0.11 0.01± 0.01

Table 3.5: Ten most significantly different compounds present in headspace from K. pneu-
moniae compared to all other cultures. Values are normalized availability of a compound in
the samples.

Table 3.6: Significant VOCs present in headspace
from E. coli 34.4.2.038 compared to all other E.coli cultures.

E. coli 34.4.2.038 E. coli
n=11 n=64

Chemical structure Mean±SE Mean±SE
dimethylsulfide 19.95± 4.1 2.48± 0.8
unknown 0.34± 0.11 0.07± 0.02
5-undecene 2± 0.26 0.64± 0.13

Table 3.6: Three most significantly different compounds present in headspace from E. coli
34.4.2.038 compared to all other E. coli cultures. Values are normalized availability of a
compound in the samples.

Table 3.7: Significant VOCs present in headspace
from E. coli 47.4.1.039b compared to all other E. coli cultures.

E. coli 47.4.1.039b E. coli
n=10 n=65

Chemical structure Mean±SE Mean±SE
cyclodecane 26± 4.24 0.86± 0.17
tridecanone 69.8± 7.47 13.47± 1.51
2-methyl-1-hexadecanal 7.91± 1.82 0.12± 0.03
2-heptadecanone 16.74± 3.27 4.52± 0.6
3-methyl formate-1-butanol 3.18± 1.1 0.13± 0.13
3,7,11-trimethyl-1-dodecanol 1.03± 0.28 0.22± 0.04
unknown 1.1± 0.34 0.25± 0.04
unknown 3.37± 0.99 0.64± 0.14
unknown 0.77± 0.21 0.17± 0.04
2-methyl-1-hexene 4.85± 0.89 1.01± 0.29

Table 3.7: Ten most significantly different compounds present in headspace from E. coli
47.4.1.039b compared to all other E. coli cultures. Values are normalized availability of a
compound in the samples.
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Table 3.8: Significant VOCs present in headspace
from E. coli ATCC 25922 compared to all other E. coli cultures.

E. coli ATCC 25922 E. coli
n=30 n=45

Chemical structure Mean±SE Mean±SE
2-methyl-undecanal 3.17± 1.54 75.93± 10.32
eicosyl-benzene 1.9± 0.42 0± 0
2-methyl-1-butanol 213.25± 20.43 314.54± 7.58
hexadecyl-benzene 0.38± 0.09 0± 0
tridecanone 5.94± 1.05 31.01± 3.88
methyl-pyrazine 11.69± 1.62 19.84± 0.71
1,4-dichloro-benzene 5.45± 1.34 0± 0
2-pentadecanone 1.86± 0.52 9.01± 1.14
unknown 1.15± 0.29 0± 0
2-methyl-dodecanal 0.43± 0.21 4.51± 0.67

Table 3.8: Ten most significantly different compounds present in headspace from E. coli
ATCC 25922 compared to all other E. coli cultures. Values are normalized availability of a
compound in the samples.

Table 3.9: Significant VOCs present in headspace
from E. coli ATCC 35218 compared to all other E.coli cultures.

E. coli ATCC 35218 E. coli
n=24 n=51

Chemical structure Mean±SE Mean±SE
2-methyl-undecanal 129.63± 10.12 7.86± 1.95
unknown 7.12± 0.94 0.89± 0.22
2-methyl-dodecanal 41.89± 6.17 5.39± 1.28
1-methyl-1-ethoxycyclobutane 88.07± 11.59 23.77± 3.29
2-heptanone 15.97± 3.55 0.89± 0.33
2-octanone 0.3± 0.07 0.02± 0.02
unknown 1.39± 0.21 0.33± 0.09
unknown 6.64± 1.52 25.37± 2.59
ethylester-propanoic acid 6.23± 0.69 13.92± 1.22
unknown 0.37± 0.1 0.07± 0.02

Table 3.9: Ten most significantly different compounds present in headspace from E. coli
ATCC 35218 compared to all other E. coli cultures. Values are normalized availability of a
compound in the samples.
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Table 3.10: Significant VOCs present in headspace
from two different S. aureus strains.

MSSA MRSA
n=40 n=41

Chemical structure Mean±SE Mean±SE
3-methyl-2-butanal 1121.81± 31.88 133.4± 8.97
unknown 281.21± 9.7 4.8± 2.33
2-pentene 69.67± 3.24 0.21± 0.97
3-octyn-1-ol 0± 0 74.66± 5.09
1,2-pentadiene 41.17± 2.19 1.65± 1.73
3-methylene-heptane 21.17± 1.15 2.4± 1.7
2-tridecanone 13.65± 1.14 0± 0
dodecanal 2.79± 0.23 0.13± 0.64
3-nonynoic acid 0± 0 0.49± 0.53
unknown 239.26± 11.46 88.69± 7.52

Table 3.10: Ten most significantly different compounds present in headspace from two dif-
ferent S. aureus strains. Values are normalized availability of a compound in the samples.

Table 3.11: SVM performance on medium compared to cultures.

Number of compounds % Correct
and identification

Medium Cultures
5 2-methyl- Medium 69 1 99

3-hexanol Cultures 1 247
4 5-nonylamine Medium 61 9 97

Cultures 1 247
3 2-methyl- Medium 64 6 97

butanal Cultures 2 246
2 benzaldehyde Medium 63 7 97

Cultures 3 245
1 4-amino- Medium 54 16 94

heptane Cultures 3 245

Table 3.11: SVM Performance on medium compared to cultures based on 10-times cross-
validation. Providing the confusion matrix and percentage correctly classified instances.
Each row of the confusion matrix represents the instances in the predicted class, while each
column represents the instances in the actual class.
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Table 3.12: SVM performance on four cultures.

Number of compounds Confusion matrix % Correct
and identification

P. aeruginosea E. coli S. aureus K. pneumoniae
6 2-methyl- 48 3 1 0 96

1-dodecanol 0 75 0 0
0 0 77 4
0 0 2 38

5 1-propanol 42 6 4 0 94
0 75 0 0
0 0 77 4
0 0 2 38

4 trimethylene- 42 6 4 0 87
oxide 0 74 0 1

0 0 76 5
0 0 16 24

3 2-methyl- 42 6 4 0 79
2-butene 0 75 0 0

0 0 81 0
0 0 40 0

2 unknown 43 0 9 0 78
0 69 6 0
0 0 81 0
0 0 40 0

1 trimethoxy- 43 9 0 0 48
methane 0 75 0 0

0 81 0 0
0 40 0 0

Table 3.12: SVM Performance on four cultures based on 10-times cross-validation. Providing
the confusion matrix and percentage correctly classified instances. Each row of the confusion
matrix represents the instances in the predicted class, while each column represents the
instances in the actual class.
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Table 3.13: SVM performance on four E.coli species.

No. of compounds Confusion matrix % Correct
and identification

E. coli
34.4.2.038 47.4.1.039b 25922 35218

4 1-decanol 8 0 3 0 92
0 9 1 0
0 0 30 0
1 0 1 22

3 2-methyl- 8 0 3 0 88
undecanal 0 6 4 0

0 0 30 0
1 0 1 22

2 pentacosanone 7 0 4 0 91
0 8 2 0
0 0 30 0
0 0 1 23

1 1-methyl- 7 0 3 1 51
1-ethoxy- 0 0 10 0
cyclobutane 0 0 30 0

4 0 19 1

Table 3.13: SVM Performance on four E. coli species based on 10-times cross-validation.
Providing the confusion matrix and percentage correctly classified instances. Each row of the
confusion matrix represents the instances in the predicted class, while each column represents
the instances in the actual class.
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CHAPTER 4

A profile of volatile organic compounds in breath
discriminates COPD patients from controls

Van Berkel JJBN, Dallinga JW, Möller GM, Godschalk RWL, Moonen EJ,
Wouters EFM, Van Schooten FJ
Respir Med, 104(4):55763, 2010
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ABSTRACT

Background

Chronic obstructive pulmonary disease (COPD) is an inflammatory condition
characterized by oxidative stress and the formation of volatile organic com-
pounds (VOCs) secreted via the lungs. We recently developed a methodological
approach able to identify profiles of VOCs in breath unique for patient groups.
Here we demonstrate this methodology also identifies COPD patients.

Methods

Fifty COPD patients en 29 controls provided their breath and VOCs were ana-
lyzed by gas chromatography-mass spectrometry to identify relevant VOCs. An
additional 16 COPD patients en 16 controls were sampled in order to validate
the model, and 15 steroid naive COPD patients were sampled to determine
whether steroid use affects performance.

Findings

1179 different VOCs were detected, of which thirteen were sufficient to correctly
classify all 79 subjects. Six of these 13 VOCs classified 92% of the subjects
correctly (sensitivity: 98%, specificity: 88%) and correctly classified 29 of 32
subjects (sensitivity: 100%, specificity: 81%) from the independent validation
population. Fourteen out of 15 steroid naive COPD patients were correctly
classified thus excluding treatment influences.

Interpretation

This is the first study distinguishing COPD subjects from controls solely based
on the presence of VOCs in breath. Analysis of VOCs might be highly relevant
for diagnosis of COPD.
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INTRODUCTION

In the last few decades the mortality of chronic obstructive pulmonary disease
(COPD) has increased worldwide, even in industrialized countries. The main
feature of COPD is irreversible airflow limitation as a result of emphysema-
tous destruction, increasing both compliance of the lung and the resistance of
the small airways. COPD is a leading cause of mortality and morbidity, and
estimates from the World Health Organization state that in 2001 COPD was
the fifth leading cause of death in high-income countries and the sixth lead-
ing cause of death in low and middle income countries.32 Early diagnosis and
treatment will be necessary in order to control its high morbidity and mortal-
ity and consequently high healthcare cost.79 Spirometry is currently the gold
standard for diagnosing and monitoring progression of COPD. However in or-
der to ensure quality, the practice nurse has to be trained on how to perform
spirometry and general practitioners on how to evaluate spirograms.80 Only
under these prerequisites, office spirometry can help identify the presence of
asthma and COPD if breathing symptoms are present. In the early stage of
COPD, breathing symptoms might not be clinically manifest. Especially iden-
tification of these early stages of COPD by using VOC analysis in exhaled air
might prove clinically relevant. Our proposed methodology indeed detected
inflammatory related compounds in exhaled air, in contrast to early detection
of COPD with the current gold standard; spirometry.
A relatively new concept, the analysis of exhaled air, might provide more ac-
curate diagnosis and might prove useful as a new non-invasive, safe and fast
diagnostic tool regarding the diagnosis of inflammatory lung diseases, including
asthma, cystic fibrosis and COPD. Regarding the analysis of exhaled air several
biomarkers for several diseases have already been identified. Nitric oxide (NO)
levels are generally accepted as an indication of inflammation and oxidative
stress in the respiratory tract in for instance asthma.81 However in COPD
the use of NO is limited since exhaled NO levels are not or only marginally
elevated in COPD patients.12 Additionally carbon monoxide (CO) has been
investigated as a COPD biomarker, and likewise with NO, contrasting results
are published. Yamaya et al. found a significant relationship between exhaled
CO concentrations and FEV1, and exhaled CO appeared to correlate with the
eosinophil count in sputum.8 Others found no correlation of exhaled CO with
lung function.9 The application of CO as a diagnostic marker is also limited
because exhaled CO levels are affected by environmental CO, which may fluc-
tuate considerably and is influenced by active and passive smoking making its
use as a biomarker for COPD at the least questionable.10

Additionally exhaled volatile compounds have been studied regarding their hy-
pothesized function as biomarkers of oxidative stress as for example ethane.
Ethane belongs to the group of volatile organic compounds (VOCs) and is
demonstrated to be elevated in exhaled air of COPD patients compared to
controls. A correlation was also demonstrated between levels of ethane and
the degree of airway obstruction, smoking habits and FEV1.

45 However, the
analysis of single compounds from exhaled air is hampered by low sensitivity
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and specificity. In 1971 Pauling et al. already demonstrated the availabil-
ity of hundreds of different VOCs in exhaled air47 and many more have been
identified since. Philips et al. have recently successfully demonstrated the
possibility of using a profile of VOCs in breath as biomarkers of lung cancer
and pulmonary tuberculosis.14,15,48 Therefore we are particularly interested in
multi-component analysis of VOCs in COPD patients in order to increase per-
formance using a biomarker profile approach. This approach may have great
potential regarding clinical application for the assessment of airway inflamma-
tion. Especially since analysis of exhaled air provides a fast, non-invasive, cost
beneficial and easy to perform diagnostic tool.
The aim of this study was to identify COPD biomarkers from exhaled air able
to discriminate patients suffering from COPD from non-diseased controls. We
investigated VOCs in exhaled air from COPD patients and controls by means of
a recently developed approach and identified profiles that were able to identify
the diseased state.22

MATERIALS AND METHODS

Study subjects

As a training population a total of 50 COPD patients and 29 non-diseased con-
trols both smoking and non-smoking were recruited at Maastricht University,
The Netherlands. Subject characteristics are shown in table 4.1. Diagnosis of
COPD was based on examination of pulmonary function according to inter-
national guidelines. Subjects were sampled at centrally ventilated treatment
rooms located in the hospital. Non-diseased control subjects were staff mem-
bers. A medical interview confirmed absence of respiratory disease in these
subjects.
Another set of 16 COPD patients and 16 non-diseased controls were obtained
from the ’center for Integrated Rehabilitation Organ Failure’ (CIRO). This pop-
ulation was used as a validation population to validate the results that were
obtained in the training population. Additionally, a set of 15 subjects was
sampled at the University Hospital Maastricht diagnosed as COPD patients,
and exhaled air was obtained before therapeutic treatment with steroids was
initiated. All subjects gave their informed consent and the study protocol was
approved by the medical ethics committee of Maastricht University.

Sample collection and analysis

Participants were asked to inhale, hold their breath for 5 seconds and subse-
quently fully expire into resistance free tedlar bags (5L). The content of the
bag was transported under standardized conditions onto stainless steel two-
bed sorption tubes, filled with carbograph 1TD/Carbopack X (Markes Inter-
national, Llantrisant, Wales, UK) that trap VOCs. These sorption tubes were
placed inside a thermal desorption unit (Marks Unity desorption unit, Markes
International Limited, Llantrisant, Wales, UK) and subsequently heated to
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Table 4.1: Study population characteristics

Study population Training set Validation set Steroid naive
Controls COPD Controls COPD COPD
(n=29) (n=50) (n=16) (n=16) (n=15)

Age (years) 50± 9 71± 8 51± 6 63± 6 57± 8
Sex (M/F) 14/15 38/12 8/8 11/5 8/7
FEV1 (% predicted) 0± 14 50± 15 92± 7 53± 13 57± 12
RV (% predicted) 77± 19 176± 34 72± 13 154± 29 148± 13
Smoking(current/ex/non) 9/7/13 38/6/6 3/3/10 2/14/0 3/9/3
Packyears 18± 7 49± 12 12± 5 35± 6 29± 26

Table 4.1: Study population characteristics.

270◦C in order to release all VOCs onto the gas chromatography capillary col-
umn (RTX-5ms, 30m x 0.25mm 5% diphenyl, 95% dimethylsiloxane capillary,
film thickness 1.0µm). VOCs are separated by GC (ThermoFisher Scientific.,
Austin, Texas, USA) and subsequently detected by a time-of-flight mass spec-
trometer (TOF-MS) (Thermo Electron Tempus Plus time-of-flight mass spec-
trometer, ThermoFisher Scientific, Austin, Texas, USA). The temperature of
the gas chromatograph was programmed as follows: 40 ◦C during 5 min., then
raised with 10 ◦C/min until the final temperature of 270 ◦C, this tempera-
ture was maintained for 5 min. Electron ionization mode at 70 eV was used
with a 5Hz scanning rate over a mass range of m/z 35-350 amu. An example
breathogram is shown in Figure 4.1.
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Figure 4.1: Example of a breathogram from a control subject as analyzed by GC-TOF-MS
containing a few identified compounds. a) acetone; b) 1,3-pentadiene; c) pentane, 2-methyl;
d) benzene; e) toluene; f) 5-hepten-2-one, 6-methyl; g) phenol. The area-under-peak is related
to the concentration of the compound.

Data-acquisition

Analysis of the data output files from the GC-TOF-MS was performed in suc-
cessive steps as previously described in detail.22 In summary the first step
was to perform peak detection and baseline corrections on all analysis output
files. Normalization of the calculated peak areas was performed using an area
scaling factor. This rescaling factor used is based on the cumulative area under
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the detected peaks, since all chromatograms display rather similar profiles this
method of normalization is most robust.
Next retention times (RT) of all subjects were corrected for chromatographic
drifting and lined up. Applying this correction for retention times is very ef-
fective and easy to perform eliminating the use of an added internal standard,
adding to the straight-forwardness and easy to perform routine of the presented
methodology.
Finally, the output files were merged by combining corresponding compounds
based on degree of similarity of the corresponding mass spectra - by determin-
ing the match factor values (MFs) - and similarity of RT. The degree of mass
spectra similarity was calculated using a match factor based on the similarity
index as described by Stein et al.63 These match factors were only determined
for compounds within a selectable RT-window.

Component selection

To determine which compounds in the database were of interest regarding the
classification of diseased versus controls, we applied support vector machines
(SVM). Support vector machines demonstrate the ability to construct predic-
tive models with large generalization power even in the case of large dimension-
ality of the data or when the number of observations available for training is low.
SVM always seeks a globally optimized solution and avoid over-fitting. This
implies that a large number of features (i.e. compounds) is allowed.69 This
encouraged us to implement this subset selection algorithm into this study,
since it will select the most optimal subset of compounds able to correctly
classify our dataset. A variety of selection methods was tested using the soft-
ware program ’Weka’: a collection of machine learning algorithms for data
mining tasks. Compounds were selected using an SVM attribute evaluator.
The attribute evaluator we used evaluates the worth of a subset of attributes
by considering the individual predictive ability of each feature along with the
redundancy between them. Preferably features will be selected showing high
correlations within the class and low inter-correlation. Next, the selected com-
pounds were analyzed and ranked with use of SVM using recursive feature
selection and removing one attribute at a time. This way attributes were se-
lected using the weight magnitude as ranking criterion. After every run the
least efficient attribute was removed. All resulting subsets were analyzed for
classification performance with use of support vector classifiers based on John
Platt’s sequential minimal optimization algorithm.65

RESULTS

Discriminating VOCs as subtracted from training dataset

The resulting analysis of exhaled air based on 50 COPD patients and 29 non-
diseased subjects demonstrated that the exhaled air is rich in a wide variety
of VOCs. A total of 3778 different compounds were found and a mean of 332
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different VOCs were detected per subject. The final COPD dataset consisted
of 50 COPD patients and 29 non-diseased subjects. Compounds detected in
less than 8% of subjects were discarded resulting in a dataset of 79 subjects and
1179 compounds using a match factor-threshold of 0.85 and an RT-window of
12 seconds. Used MF-threshold values were determined based on a variety of
complementary compounds manually combined. The MFs calculated for these
compounds demonstrated to be at least 0.852. The RT-window value was cho-
sen based on analysis of the maximum RI-range of complementary compounds
found in several subject files.
As shown in table 4.2, a classification model was constructed based on 13
VOCs. This model is able to classify both controls and COPD patients for
100% correctly, tested with 10 times cross validation. Classification perfor-
mance of SVM based on more than 13 VOCs performed equal to the SVM
based on this minimal amount of 13 VOCs. These 13 VOCs were identified
as: isoprene, C16 hydrocarbon, 4,7-dimethyl-undecane, 2,6-dimethyl-heptane,
4-methyl-octane, hexadecane, 3,7-dimethyl, 1,3,6-octatriene, 2,4,6-trimethyl-
decane, hexanal, benzonitrile, octadecane, undecane, terpineol. For one com-
pound it was not possible to identify the compound with certainty only that it
consisted of a hydrocarbon containing a 16-carbon chain. Figure 2 shows the
component mean area under peak and availability of the compounds.

Table 4.2: VOC classification performance

Chemical structure RT Training Validation Steroid-naive
(min.) sens. spec. sens. spec. sens.

isoprene * 2.6 0.96 0.41 1 0.56 0.46
C16 hydrocarbon * 23.3 0.96 0.55 1 0.75 0.6
4,7- dimethyl undecane * 19.5 0.96 0.69 1 0.75 0.6
2,6- dimethyl heptane * 10.5 0.98 0.69 1 0.5 0.8
4-methyl octane * 11.3 0.98 0.76 1 0.69 0.87
hexadecane * 23.2 0.98 0.83 1 0.82 0.93
3,7-dimethyl 1,3,6-octatriene 14.5 1 0.83 1 0.56 0.87
2,4,6-trimethyl decane 19.5 1 0.9 0.94 0.69 0.87
hexanal 9.9 1 0.9 0.94 0.69 0.87
benzonitrile 14.1 1 0.93 0.94 0.69 0.93

Table 4.2: Classification performance tested with ten times cross-validation on COPD dataset
consisting of 79 subjects (50 COPD patients, 29 controls). A Support vector classifier was
used trained by the sequential minimal optimization algorithm (SMO). Correct classification
was achieved with use of 13 VOCs from exhaled air. The displayed VOCs are ranked accord-
ing to their cumulative contribution and performance is evaluated in a cumulative manner.
VOC profiles were also tested on an independent validation set consisting of 32 subjects (16
COPD patients, 16 controls), and on steroid naive COPD patients (n=15). The compounds
implemented into the optimal classification algorithm are denoted by an asterisk (*). The
second column shows the retention time (RT) for every compound.

Evaluation performance of discriminating VOCs in valida-
tion datasets

The performance of the generated SVM classifier based on the 13 VOCs as
shown in Table 4.2 was evaluated on the validation population, consisting of

67

thesis_JeroenvanBerkel_v03.pdf



There’s something in the air

Figure 4.2: Relative amounts of compounds used in the classification algorithm. Each bar
represents mean and standard error values for one compound detected in either control
subjects or COPD patients. The height of every bar denotes the mean and standard errors
are denoted by the errorbars. Grey bars represent patients suffering from COPD, black bars
represent control subject data. a) isoprene, b) C16 hydrocarbon, c) 4,7-dimethyl undecane, d)
2,6- dimethyl heptane, e) 4-methyl octane, f) hexadecane, g) 3,7-dimethyl 1,3,6-octatriene, h)
2,4,6-trimethyl decane, i) hexanal, j) benzonitrile, k) octadecane, l) undecane, m) terpineol.
The numbers over the errorbars denote the availability; the percentage of subjects in which
the compound was detected.
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VOCs in breath discriminates COPD patients from controls

16 COPD patients and 16 controls. The COPD patients and controls used as
validation population were sampled at separate locations and another period of
time compared to the training population. The results of testing the 13 VOCs
on the validation set show that misclassifications occur due to overfitting of the
data leading to lower levels of specificities (table 4.2). That means that the
classification model based on the 13 VOCs is too specific towards the COPD
training dataset and lacks performance when tested on the independent valida-
tion dataset. The logical step was to lower the number of VOCs implemented
into the classification algorithm thus reducing misclassifications. As shown in
table 4.2, a classifier trained on the COPD training set containing 6 VOCs
performed best on the validation set. Therefore the preferred classification
model is based on 6 VOCs and these are indicated by an asterisk in table 4.2.
The support vector classifier build from the COPD training set based on these
6 VOCs demonstrated an optimum of 91% correct classification as tested on
the 32 subject validation set. This corresponds to a misclassification of only 3
samples out of 32 demonstrating a specificity of 81% and a sensitivity of 100%.
So, all COPD patients were correctly identified and only 3 healthy subjects
were incorrectly seen as COPD patients. This illustrates the robustness of our
approach that even when sampling is done under different circumstances the
discriminating VOCs show similar levels of specificity and sensitivity in both
study populations. In order to be sure that the 6 VOCs were not discriminat-
ing between controls and COPD patients because of the use of medication by
COPD patients, their performance was tested on exhaled air samples obtained
from 15 steroid naive COPD patients. Fourteen out of these 15 subjects suf-
fering from COPD not using any medication were correctly classified as COPD
by our optimized 6 component classifier demonstrating a sensitivity of 93

DISCUSSION

We have shown in the present paper that measuring multiple VOCs in exhaled
air offers an excellent possibility as future diagnostics of COPD patients. In
addition to the good performance of the VOC profile in discriminating diseased
versus healthy subjects, sampling of exhaled air is noninvasive, safe and does
not cause any degree of discomfort to the patients. We present a highly ac-
curate classification model based on 6 VOCs that is not confounded by time
of sampling, ambient air, use of medication and former or current tobacco
smoking. Using sophisticated bioinformatics tools we extracted 6 VOCs out of
nearly 1200 exhaled compounds that combined into an accurate SVM model.
This model proved to be highly sensitive and specific to determine whether a
person is diseased or healthy. The implemented compounds appeared to be
mainly long chain hydrocarbons.
It was our aim to develop a robust diagnostic methodology that can be imple-
mented in clinical daily practices without encountering too many confounding
obstacles. In principal the excretion of VOCs can be influenced by many factors
of intrinsic nature (gender, age, weight, genetic background) or of exogenous
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origin (ambient air, diet or medication). It is practically impossible to control
for all these potentially confounding factors. Therefore it was our goal to select
those compounds that give information regarding diseased versus healthy sta-
tus, independently from other endogenous or exogenous factors. We recently
published our sampling procedure, chemical analysis, data handling and ac-
curate data mining methodology22 and extensively showed that the developed
methodology is highly reproducible. Since the performance of the 6 discrim-
inating VOCs was similar in both training populations sampled at different
locations it is clear ambient air is not a major confounder. Furthermore, we
studied whether the use of medication can be considered as a confounder by
examining the performance of the 6 VOCs on COPD patients who received no
treatment. These persons were sampled immediately before the diagnosis by
lung function and the VOC profiles were again highly sensitive to diagnose the
COPD patients since they were all but one recognized as diseased. However
as shown in table 4.1 the steroid naive validation group consisted of subjects
mainly in GOLD classes I and II, while the training group consisted of subjects
mainly in GOLD classes II and III. This due to the low availability of steroid
naive COPD patients. Nonetheless the SVM model based on 6 VOCs was able
to correctly classify 14 out of 15 COPD subjects.
As can be concluded from table 4.1 controls and COPD subjects are not opti-
mally matched regarding age. This difference however does not demonstrate to
be of great importance since the degree of overlap between controls and COPD
in the training set with regards to age is large but due to a few very old COPD
patients included age seems to be poorly matched. According to the results
from the validation set and steroid-naive set - where subjects are far better
matched for age - we can clearly state that the selected compounds do relate
to disease status instead of age or smoking behavior.
In the field of exhaled air analyses, there is an ongoing discussion whether or
not background measurements should be taken into account in order to correct
for ambient air influences. In the presented work, no background extraction
was applied to keep the methodology as easy and straightforward as possible.
Moreover, Miekisch et al. mentioned that it will not be possible to correct for
the complex interdependencies between excretion and uptake of VOCs by easily
subtracting the peak areas obtained from inhaled and exhaled air.3 Addition-
ally background noise is expected to be randomly distributed between subjects’
samples and would thus not exert any discriminatory power, nor interfere with
the outcome of the analyses.
Another point of discussion is the difference between sampling alveolar and
dead space air. Our sampling approach samples a mixture of alveolar air and
dead space air, which is about 150 ml during tidal breathing. Participants were
asked to inhale, hold their breath for 5 seconds and subsequently fully expire.
Since most of the subjects were able to fully inflate the Tedlar bag in 2 to 4
expirations the contribution of dead space air to the total volume is indeed sig-
nificant but nonetheless most of the obtained volume originates from alveolar
air. From this mixture one can argue that alveolar air is diluted with dead
space air which could lead to sensitivity problems. However, in our analysis no
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sensitivity problems occurred. Although there are sampling methods available
of preventing dead space air sampling, we decided not to use these methods
to maintain the ease of sampling. Furthermore, during previous studies we
explored the effect of different exhalation patterns on VOC profiles and found
no differences in breathograms between superficial exhalation or deep exhala-
tion.22

One of the innovative steps of our approach compared to other studies in this
field is that we use the raw mass spectra to find the matching compounds in all
subjects instead of searching for matching compounds based on their chemical
identification. The latter procedure can introduce many mistakes that jeopar-
dize the quality of databases, which attenuates the discriminative power of the
analysis (garbage in - garbage out). We introduced the match factor in our
routine to determine the degree of similarity between mass spectra. The main
advantage is that the mass spectra are compared with each other as measured
with the same instrumental setup instead of comparison against mass spectra
found in a library. The experience is that most of the time low match factors
are found when measured mass spectra are compared to those present in the
library. Therefore a far superior database is created when raw mass spectra
are compared instead of comparing compounds after improper identification.
The amounts in exhaled air of the compounds that performed best in the
classification model are predominantly lower in COPD patients than in con-
trols. An explanation for this observation may be found in the complicated
biological equilibrium of formation and removal of VOCs in the human body.
The hypothesis is that the inflammation driven oxidative stress is responsible
for oxidizing macromolecules, including polyunsaturated fatty acids that are
abundantly present in membranes, leading to a series of breakdown products
excreted as VOCs. Thus, the relative composition of VOCs in exhaled breath
of COPD patients can change as a result of the disease, and this change can
be either an increase or a decrease of certain compounds. Indeed we observed
a considerable number of compounds that are significantly higher in COPD
patients compared to controls but these compounds are not implemented into
the optimized classification model due to their limited discriminatory power.
On the other hand a decline in certain VOCs may occur since especially the
longer chain hydrocarbons are further oxidized into smaller compounds due
to enhanced oxidative stress and consequently their amounts are decreased in
exhaled air of COPD patients. It appeared that the absence of a number of
these long chained VOCs is crucial for the diagnostic ability. Apart from the
oxidative stress hypothesis explaining changing VOC composition in COPD
patients, an alternative reason may be that lungs are remodeled during COPD
resulting in altered gas exchange over the blood lung barrier. Further studies
are necessary in clinical settings but also in inflammation models to explain the
biochemical origin, the physiological meaning and exhalation kinetics of our se-
lected VOCs. Nevertheless without this mechanistic knowledge the compounds
may already be of value to base a diagnostic tool for clinical settings.
Finally, we conclude that analysis of a profile of 6 identified VOCs in exhaled
air provides an accurate, non-invasive, easy to perform diagnostic tool in the
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diagnosis of COPD patients. Recent developments on real time measurements
can bring early-stage detection of COPD into the general practice in the near
future.
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ABSTRACT

In cystic fibrosis (CF), airway inflammation causes an increased production of
reactive oxygen species, responsible for degradation of cell membranes. During
this process, volatile organic compounds (VOCs) are formed. Measurement of
VOCs in exhaled breath of CF patients may be useful for the assessment of
airway inflammation. This study investigates whether metabolomics of VOCs
could discriminate between CF and controls, and between CF patients with and
without Pseudomonas aeruginosa (P. aeruginosa) colonization. 105 Children
(48 CF, 57 controls) were included in this study. After exhaled breath collec-
tion, samples were transferred onto tubes containing active carbon in order to
adsorb and stabilize VOCs. Samples were analyzed by gas chromatography-
time of flight-mass spectrometry to assess VOC profiles. Analysis showed that
1099 VOCs had a prevalence of at least 7%. By using 22 VOCs, a 100% correct
identification of CF patients and controls was possible. With 10 VOCs, 92%
of the subjects were correctly classified. The reproducibility of VOC measure-
ments with a one-hour interval was very good (matchfactor 0.90±0.038). We
conclude that metabolomics of VOCs in exhaled breath was possible in a re-
producible way. This new technique was not only able to discriminate between
CF patients and controls, but also between CF patients with or without P.
aeruginosa colonization.

INTRODUCTION

Airway inflammation plays a central role in the pathophysiology of various
chronic lung diseases, such as cystic fibrosis (CF), asthma, and chronic ob-
structive pulmonary disease (COPD). Diagnosing CF is possible at any age,
but it is far less simple to diagnose early pulmonary disease in CF patients,
particularly in young children. It is known there is a poor correlation between
airway inflammatory processes and respiratory symptoms.82 Airway infection
and inflammation can be present before clinical symptoms are evident. There-
fore monitoring of airway inflammation and the related oxidative stress in CF
may be useful in clinical practice. There has been an increasing interest in
non-invasive assessment of airway inflammation and oxidative stress in chronic
lung disease. The collection of broncho-alveolar lavage fluid or lung biopsies is
invasive, and therefore cannot be applied very easily in children. Non-invasive
techniques include measurement of non-volatile inflammatory markers in ex-
haled breath condensate, and measurement of volatile inflammatory markers
in exhaled breath. Fractional exhaled nitric oxide (FeNO) , carbon monox-
ide (CO), ethane and pentane are the most studied volatile markers,10,45 of
which FeNO is most standardized. In contrast to assessments of pre-selected
inflammatory markers, it is possible to assess profiles of volatile organic com-
pounds (VOCs) in exhaled air. An increased production of reactive oxygen
species (ROS) is caused by the influx of leukocytes, continuously producing
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ROS, leading to an imbalance between oxidants and antioxidants (oxidative
stress).20,83–85 These generated ROS are able to degrade cell membranes in
a process called lipid peroxidation. During this process, VOCs are formed as
a result of the degradation of polyunsaturated fatty acids. Due to the very
low solubility of VOCs in blood, after generation these VOCs are transported
through the bloodstream and become available in the exhaled air as soon as
the blood containing the VOCs passes the blood-lung barrier. Thus analysis
of exhaled air might provide the means to monitor or diagnose inflammatory
diseases. One possibility of analysis of VOCs in exhaled air is enabled by using
a gas chromatograph-mass spectrometer (GCMS). This technique is highly sen-
sitive and capable of detecting a wide range of VOCs. Other research proved
a predictive model employing nine VOCs was sufficiently sensitive and specific
to be considered as a screening tool for lung cancer.48

The aim of this study was to investigate whether metabolomics of VOCs in ex-
haled breath was able to discriminate between young subjects with CF and
healthy controls, and between subgroups of CF patients (with or without
P.aeruginasa colonization). It is well known that P. aeruginosa colonization of
the lung is associated with a less favorable prognosis of CF. The reproducibility
of the method, as well as the nature and background of the most discriminating
compounds were studied.

Methods and materials

Study subjects

One hundred and five Subjects aged 5-25 years were included in this cross-
sectional study: 48 subjects were diagnosed with CF, and 57 control persons.
The CF population was recruited from the outpatient clinic of the University
Hospital Maastricht, the Netherlands. CF was defined as a combination of
typical clinical features and an abnormal sweat test (Chloride >60 mmol/L).
Children with CF and/or their parents completed the Shwachman-Kulczycki
questionnaire, enabling classification of the CF disease status.86 The control
group consisted of children without any (history of) respiratory problems, as
confirmed by the ISAAC questionnaire. Thirty-six (63%) of 57 control children
were recruited from primary schools, whereas 21 (37%) subjects were included
at the outpatient clinic where enuresis nocturna and constipation were the ini-
tial reasons for consultation. At the time of this study, these children were all
stable with no signs of infection or any somatic disturbance. We checked the
homogeneity of the control group by comparing children recruited from pri-
mary schools and outpatient clinic and found no significant differences in VOC
patterns between these children (One-way ANOVA tests, p-values¿0.108). Ex-
clusion criteria for both CF and control children were: 1) Patients with mental
retardation; 2) Active smokers; 3) (Congenital) heart disease; 4) Technical in-
ability to perform the measurements; 5) Patients with an acute respiratory
infection. Informed consent to participate was obtained from the parents of all
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children participating in this study. The Ethics Committee of the Maastricht
University approved this study. The clinical trial registration number is NCT
00413140. Table 5.1 shows the study population characteristics.

Table 5.1: Study population characteristics

Cystic Fibrosis Control
n=48 n=57

Age (years) 13.0± 0.6 ∗9.9± 0.4
Height (cm) 148.3± 2.9 141.5± 2.3
Weight (kg) 38.6± 2.1 34.8± 1.5
Sex (M/F) 27/21 29/28
FEV1 (% predicted) 75.5± 3.8 ∗101.4± 1.5
FEV1/VC (%) 76.7± 1.8 ∗88.1± 0.9

Table 5.1: Abbreviations: M, male; F, female; FEV1, forced expiratory volume in 1 second;
VC, vital capacity; Data are given as mean±standard error (SE); * P<0.05, cystic fibrosis
vs control.

Sample collection and analysis

Subjects were asked to exhale into a resistance free polycarbonate (plastic) bag
(Tedlar bag, SKC ltd., Dorset, UK). Severe physical exercise before the test
was not permitted. At least three exhalations were necessary to fill the 5-liter
bag. Within one hour after collection of the sample, the bag was emptied over
a stainless steel two-bed sorption tube, filled with carbograph 1TD/Carbopack
X (Markes International, Llantrisant, Wales, UK). Before and after loading,
the tubes were airtight capped. The desorption tubes were stored at room
temperature until analysis.
Samples were analyzed initially by releasing the volatile compounds trapped
on the desorption tubes by means of thermal desorption (Markes International,
Llantrisant, Wales, UK). The gaseous mixture of released compounds was then
split; 90% of the sample was recollected on a second desorption tube and stored
for backup analysis, 10% of the sample was loaded onto a cold trap (5◦C, Markes
U-T2GPH: general purpose hydrophibic trap, designed for sampling VOC C4-
C32), from which it was injected into the capillary column (Restek RTX-5ms,
30m x 0.25 mm) of the gas chromatograph (Trace GC, ThermoFischer Scien-
tific, Austin, Texas, USA) and analyzed by time-of-flight mass spectrometry
(Tempus Plus, ThermoFischer Scientific, Austin, Texas, USA). Helium was
used as the carrier gas at a flow rate of 1.5 mL/min. Transferline temperature
was kept at 250◦C. The temperature of the gas chromatograph was programmed
as follows: 40◦C during 5 min, then raised with 10 ◦/min until a final maximum
temperature of 270◦C. In the final step this temperature was maintained for
5 min. Electron ionization at 70 eV was used combined with a 5Hz scanning
rate over a mass range of m/z 35-350 amu. An example of a breathogram and
the identification of a few peaks is shown in figure 5.1.
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Figure 5.1: Example of a breathogram from a control subject demonstrating a few identified
compounds as examples. a) acetone; b) 1,3-pentadiene; c) 2-methyl-pentane; d) benzene; e)
toluene; f) 6-methyl-5-hepten-2-one; g) phenol.

Data analysis

The GC-MS chromatograms of the breath samples of the 105 subjects involved
in this research were recorded and corrected for retention time differences, us-
ing retention indices, and lining up of easily recognizable component peaks.
Corrected retention times were based on 6-10 common components with high
intensities (e.g. acetone, toluene, phenol and benzene).The parts of the chro-
matograms that occurred at a retention index ¡0.15 and at a retention index
¿2.8 were removed from the chromatograms, because of unreliable data from
these parts, due to noisy mass spectra at the beginning of the chromatograms
and column bleeding at the end of the run. Baseline corrections on all analysis
output files and peak detection were performed and the area under the peak
was calculated. Normalization of the calculated peak areas was performed us-
ing an area scaling factor. This rescaling factor is based on the cumulative
area under the detected peaks since this standardization principle proved to
be the most robust.22 The intensity of a specific VOC corresponds with the
area below that peak. The resulting data files were carefully combined. This
was done by means of combining of identical compounds from different samples
based on similarity of mass spectra and retention times. This resulted in a final
database file containing almost 6000 different chromatographic peaks.
To determine which compounds were of interest regarding the classification of
CF patients and controls, we used stepwise discriminant analysis using SPSS
(SPSS Inc. Chicago, Illinois, USA). An attribute (VOC) was only included in
the discriminant analysis if its prevalence was 7% or more within the study
population. Discriminant analysis was assessed with the grouping variables
diagnosis (CF n=48, controls n=57), and positive P. aeruginosa cultures (yes
n=23, no n=17). To exclude bias by different CF treatments (use of an antibi-
otic, a corticosteroid or DNase) VOC patterns of patients with or without this
treatment were compared. The homogeneity of the control group was assessed
by comparing VOC patterns between children selected at the primary school
versus the subjects recruited at the outpatient clinic. The quantification of the
similarity between the VOC profiles was done by means of calculation of a dis-
tance measure (dot-product rule) or match factor, as been described in detail
by Stein et al.63 This distance measure is based on the similarity of the entire
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raw chromatogram. A value of 1 denotes identical samples, the lower the value
the lesser the degree of similarity. Values of 0.8 and over can be characterized
as very good agreement.63

Selection of informative compounds

All data are expressed as mean±SE. A normal distribution was present for
all patient characteristics. Therefore, two-sided independent-sample T-tests
were used for the analysis of the subject characteristics. P-values of <0.05
were considered statistically significant. To analyze the VOC profiles, 10 times
cross-validation with multiple discriminant analysis was used, to minimize type
III errors.87 Of 10 subsamples, 9 subsamples are used as a training set and the
remaining single subsample was used to test the model (validation set). The
cross-validation process was repeated 10 times, with each of the 10 subsamples
used once as the validation data. The 10 results were averaged to produce a
single estimation. Discriminant analysis was applied in order to: 1) investigate
differences among groups, 2) determine the most parsimonious way to distin-
guish among groups, 3) discard variables which are of little interest related to
group distinctions, 4) classify cases into groups, and 5) test theory by observ-
ing whether cases are classified as predicted. Reproducibility and influence of
breathing pattern. The influence of the breathing pattern (unforced breathing
pattern versus hyperventilation) on VOC profiles, and the variation in VOCs
across the day and between days was analyzed in healthy control children aged
5-15 yrs (mean±SD, 15.5±3 yrs). Sampling of VOCs was applied during an
unforced breathing pattern (conform the entire study population), during hy-
perventilation, after one hour, and after one day.

Results

Subjects with CF were characterized by a light to moderate airway obstruction,
air-trapping, and a mild restrictive impairment in comparison with controls. In
the CF group, 49% of subjects had positive cultures with P. aeruginosa in the
past 2 years, and 8 persons (17%) showed a history of allergic bronchopul-
monary aspergillosis (ABPA). The meanSE time between sputum collection
and breath sample collection was 50±62 days. Patients were mainly treated
with antibiotics, antacids, DNase, and corticosteroids (table 5.2).
About 6000 different VOCs were identified in the chromatograms of the entire
study population. After selection of attributes with a prevalence of at least
7%, 1099 VOCs were included in the analysis.68 Variation across the day and
between days Distance measure calculation of all complementary files within
one hour, resulted in a mean±SD match factor of 0.90±0.038. Similarity of
VOC profiles after one day was 0.85±0.096. These data indicate a low within-
subject variation in VOC patterns after one hour, and after a day. Influence of
breathing patterns Samples were assessed with an unforced breathing pattern
and during hyperventilation. Characteristics are shown in Table 5.3.
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Table 5.2: Additional subject characteristics (n=48)

Allergy*
Total IgE (KU/L) 625± 263
Active eczema 1(2%)
Allergic rhinitis 2(4%)
Lung Function Indices
Reversibility � 19%
TLC (% predicted) 95.2± 4.8
RV (% predicted) 182.4± 18.8
ITGV (% predicted) 114.7± 7.3
Treatment
Oral steroid 4(8%)
DNase 25(52%)
Antibiotic 30(63%)
Antacid 24(50%)
Inhaled steroids 7(15%)
Colonization
Pseudomonas Aeruginosa 23(48%)
Staphylococcus Aureus 29(60%)
Haemophilus Influenzae 14(29%)
Haemophilus Parainfluenzae 3(6%)
Aspergillus Fumigatus 17(35%)
Candida Albicans 6(13%)

Table 5.2: Abbreviations: ITGV, intra-thoracic gas volume; RV, residual volume; TLC, total
lung capacity. Data are given as mean ± SE except were indicated otherwise. * A child was
considered allergic when the total IgE level exceeded 20 kU/l and / or the Phadiatop was
positive and / or the Radio Allergo Sorbent Test (RAST) had two or more allergens = class
2. �Reversibility is defined as the presence of an increase in FEV1 of 9% of predicted value
or more after inhalation of 400g salbutamol.50

Table 5.3: Characteristics of breathing patterns

Attribute Units Standard hyperventilation P-value
Exhalation pressure mbar 22.3± 11.3 64.2± 15.5 <0.001
Sampling duration seconds 15 : 45± 1 : 28 15 : 35± 1 : 16 0.11
number of exhalations 3.5± 1.6 3.9± 1.3 0.27
Environmental temperature ◦C 23.5± 0.4 23.7± 0.6 0.30
Environmental humidity % 51.7± 9.5 50.5± 8.1 0.27

Table 5.3: Data are given as mean±SD.
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The match factor (mean±SD) of these breathing patterns was 0.95±0.043
which indicates minimal influence of breathing pattern on VOC profiles. Dis-
criminant analysis: diagnosis of CF. It was possible to assess distinctive VOC
profiles, which discriminated between CF children and controls. Based on 10
times cross validation, a 100% correct classification of CF patients and controls
was found using 22 attributes or more (figure 5.2). The sensitivity, specificity,
and the percentage of correct classification increased with increasing attributes
in the analysis. The specificity of the models with 1-26 attributes ranged from
91% -100% with a corresponding sensitivity of 58-100%. Six of these VOCs
were classified as hydrocarbons with 4 to 16 carbon atoms. Figure 5.4 shows
the mean relative intensity of the 10 most prominent attributes which discrimi-
nated children with CF from healthy controls. None of the attributes were sig-
nificantly different between CF children with of without the use of antibiotics,
corticosteroids and DNase use (p>0.130, One way ANOVA). In the control
group, there was no significant difference in between subjects recruited from
the primary school or the children from the outpatient clinic with initial com-
plaints of constipation or enuresis nocturna. As acquisition of P. aeruginosa
in the sputum is associated with increased morbidity and mortality, we were
interested in VOC profiles of CF subjects with and without positive cultures
of P. aeruginosa. Within the CF group, it was possible to identify patients
with or without positive P. aeruginosa cultures 100% correctly by means of 14
VOCs in exhaled breath (figure 5.3).

Figure 5.2: The percentage of correct classification of cystic fibrosis with increasing numbers
of attributes, using discriminant analysis The discriminant analysis was performed using 10
times cross-validation. An attribute was only included in the analysis if its prevalence was
7% or more within the study population. This figure shows a 100% correct classification of
cystic fibrosis patients and controls with use of 22 attributes or more. The sensitivity of the
models assessed with 1-26 attributes, ranged from 58-100%. The specificity of these models,
ranged from 91-100%.
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Figure 5.3: The percentage of correct classification of positive or negative P. aeruginosa
cultures in sputum of cystic fibrosis patients with increasing numbers of attributes using dis-
criminant analysis The discriminant analysis was performed using 10 times cross-validation.
This figure shows a 100% correct classification of cystic fibrosis patients with and without
positive P. aeruginosa cultures in sputum with use of 14 attributes or more. The sensitivity
of the models assessed with 1-24 attributes, ranged from 34-100%, the specificity ranged from
29-100%.

Figure 5.4: Mean relative intensity of the ten most prominent attributes that are used to
generate the discriminant function that discriminates children with CF from healthy controls.
The numbers represent the order in which the attributes were included in the discriminant
analysis.

Discussion

This study showed that metabolomics of VOCs in exhaled breath of young
subjects with cystic fibrosis and healthy controls was possible in a reproducible
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Table 5.4: Identification of 10 most discriminating VOCs

Identification Intensities
3,3-dimethylhex-1-ene 72(41− 107)
2-buten-1-ol 29(14− 71)
N-methyl-2-methylpropylamine 8(6− 13)
C8H16 hydrocarbon (2-octene, 3-octene) 3(1− 4)
Tolualdehyde (o-, m-, or p- isomers) 35(25− 48)
C16 poly-unsaturated hydrocarbon 7(17− 22)
C12 saturated hydrocarbon 11(4− 19)
C13 saturated hydrocarbon 5(1− 9)
Benzothiazole 10(4− 14)
Long chain alkylbenzene 1(0− 6)

Table 5.4: Identification of 10 most discriminating attributes between CF and controls.
Compounds have been identified by comparison of the mass spectra to the NIST library and
mass spectral interpretation by an experienced mass spectrometrist.

way, resulting in a 100% correct classification rate by using 22 compounds.
Moreover, it was possible to discriminate between CF patients with or without
positive P. aeruginosa cultures, a factor which is clearly associated with CF
prognosis. The discrimination between CF and controls was mainly based on
C5-C16 hydrocarbons and N-methyl-2-methylpropylamine. This study showed
good feasibility of exhaled breath collection in 5 liter Tedlar bags in children of
5 years and over. More than 1000 different VOCs could be measured in exhaled
breath of CF patients and controls with a prevalence in the two groups of at
least 7%, with good short-term and long-term reproducibility. Breathing pat-
terns did not influence VOC profiles significantly. The match factor is based on
a distance measure implementing the dot-product rule was applied to establish
the degree of similarity between measured chromatograms.63

We acknowledge some limitations in this study: Variance of data is influenced
by a large range of patient related and technical factors, therefore there should
be some caution in identifying biomarkers. It is of great importance to cor-
rect for the selection bias. Ambroise et al. described how selection bias can
be assessed and corrected. They recommend 10-fold rather than leave-one-
out cross-validation to handle overestimation of the results. Therefore, 10-fold
cross-validation was applied in our study.88 Although 10 times cross-validation
is a valid method to prevent overestimation of the predictive value of markers,
external validation in a control population of patients and controls is necessary
in a second stage in order to further validate the results. The control group in
this study was significantly younger that the CF group. This probably did not
bias our results as no significant influence of age was found in the discriminant
analysis.
As reported previously by van Berkel et al., we did not correct our measure-
ments for chemical background appearing in the samples.22 This is due to the
fact that it will not be possible to correct for the complex interdependencies
between excretion and uptake of VOCs by easily subtracting the inhaled from
the exhaled air. Moreover, background noise will be randomly distributed be-
tween subjects samples and would thus neither exert any discriminatory power,

82

thesis_JeroenvanBerkel_v03.pdf



VOCs in breath from cystic fibrosis patients compared to controls

nor interfere with the outcome of the analyses. We are aiming with discrimi-
native analysis to select only those compounds that are specific for the disease
or condition and should thus principally not depend on background chemicals.
In the past few years, there has been increasingly interest in presence of VOCs
in exhaled breath of patients with chronic lung diseases. Philips et al. assessed
VOCs in exhaled air by means of automated thermal desorption gas chromatog-
raphy mass spectrometer, and classified patients with and without lung cancer,
based on 9-22 VOCs.15,48 In addition, they studied the potential of VOCs to
differentiate between 42 patients with a suspicion of pulmonary tuberculosis
and 59 controls, and tuberculosis patients with and without bacterial sputum
colonization. These classifications were possible with high sensitivity and speci-
ficity.24 In 2006, Barker et al. studied specific VOCs by means of a customized
gas chromatograph in CF patients and controls. They reported a significant
lower level of dimethyl sulphide (DMS) in CF compared to controls.13 How-
ever, DMS was not identified as an important discriminating component in the
present study. Other methods to measure VOCs are sensor systems like the
electronic nose, based on chemical vapor arrays responding to VOCs, and col-
orimetric sensor arrays. These methods were applied to detect lung cancer.21,50

In contrast to VOC assessment with GC-TOF-MS, the electronic nose consists
of a composite array of 32 organic polymer sensors. This is a limitation as the
significance of specific VOCs for specific lung diseases is not established yet.
Firstly, it is important to specify the VOCs important for a specific disease, or
a specific question (VOCs important for diagnosis may not be the same ones
that appear to be important for disease monitoring). In a second stage, when
the relevant VOCs are defined, sensor systems like the electronic nose might
be very helpful, as analyses can be fast, accurate, easy to perform and inex-
pensive.
Currently, diagnosis of pulmonary CF exacerbations and monitoring of dis-
ease activity are mainly based on clinical features and lung function tests.
These parameters reflect changes in the functional abnormalities in the airways
by infective and inflammatory processes, instead of the inflammation itself.81

Therefore, inflammation may be present before clinical parameters change, in-
troducing a time delay between the onset of a pulmonary CF exacerbation and
the start of treatment. Persistent inflammation and repeated cycles of infection
are present in CF lungs, resulting in progressive lung damage and pulmonary
fibrosis.59 Even in stable patients, chronic airway inflammation is present, as
reflected by high airway fluid concentrations of proinflammatory cytokines.89

Analysis of broncho-alveolar lavage (BAL) fluid has shown a thousand fold in-
crease in the number of neutrophils from the lung of patients with CF compared
to controls.
We hypothesize that VOC profiles may be helpful in the early detection of a
CF exacerbation even before symptoms occur and lung function deterioration
is present and the decision to stop antibiotic treatment in patients recovering
from an exacerbation. However, this should be subject of future longitudinal
studies. Based on this study, metabolomics of VOCs in exhaled breath dis-
criminate between CF patients and controls. Dallinga et al. and Dragionieri et
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al. showed that VOCs could discriminate between, respectively, children and
adults with asthma and healthy controls.20,85 In addition, Fens et al showed
good discrimination between asthmatics and patients with chronic pulmonary
obstructive disease by means of the electronic nose.85 Therefore, the hypothesis
is that these markers may be of additional value to study on-going processes
of airway inflammation and oxidative stress, in addition to lung function and
symptoms. As we were interested in the earliest stages of CF lung disease, the
CF population of our study had mild to moderately severe pulmonary CF dis-
ease. It is not clear whether the results of this study can be generalized to more
severe CF. This study showed good feasibility and safety of VOC collection in
children. This is an advantage when compared to invasive methods like biop-
sies, bronchial alveolar lavage (BAL), and induced sputum. The short-term
reproducibility of VOCs was excellent. We expect an even higher reproducibil-
ity of a typical VOC pattern, because not the absolute values but the values
of the spikes relative to each other are important for the reproducibility of a
specific pattern. However, this will be subject of future studies. The objective
of the present study was to identify VOC profiles of CF disease and control chil-
dren and to specify which VOCs are important in CF. In our study, products of
inhaled medication or their derivatives, such as tobramycin or corticosteroids
were not recovered in exhaled breath, and therefore did not contribute to the
discrimination. By means of VOC profiles, we were able to differentiate be-
tween CF patients with or without positive cultures for P. aeruginosa. This
result was consistent, although, other microorganisms may be concordantly
present in the airways of patients, and a certain time period between collection
of sputum samples and the sampling of VOCs was present in some subjects.
Future research on VOCs in exhaled breath should not only be focused on clin-
ical questions, but also on methodological issues like the influence of diet and
exercise on VOCs. In addition, VOC profiles should be studied in longitudi-
nal studies in order to investigate the additional value of VOC measurements
to conventional parameters like symptoms, lung function indices and sputum
analyses. Assessment of VOCs in exhaled breath is a new, promising, non-
invasive technique, which in addition to conventional parameters can be used
to study airway inflammation and oxidative stress in CF patients.
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CHAPTER 6

Prediction of exacerbations in cystic fibrosis based on
volatile organic compounds in exhaled breath
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ABSTRACT

Background

Pulmonary exacerbations of cystic fibrosis (CF) are an important cause for
the hospitalization of patients, respiratory symptoms, and decreases in lung
function. Therefore, prevention of exacerbations in CF is important. Airway
infections in CF and changes due to exacerbations are characterized by ox-
idative stress/airway inflammation and the subsequent changes in the profile
of volatile organic VOCs (VOCs) in exhaled breath that are excreted via the
lungs. We recently developed a methodological approach to identify profiles
of VOCs in exhaled breath that are unique for patient groups. In the present
longitudinal study we studied whether changes in VOC profiles can predict
pulmonary exacerbations of CF

Methods

A one year longitudinal study was performed in 26 CF patients (age [mean±SE]
15.8±2.1 years). At 2-month intervals, exhaled breath samples were obtained
and lung function and symptoms were determined in a standardized way. The
VOCs were analyzed by GC-TOF-MS. Advanced statistical unsupervised learn-
ing algorithms were applied to find relevant VOCs to predict the occurrence of
exacerbations.

Findings

Seventeen CF patients experienced an exacerbation of which 8 experienced a
second event during the study. In total, 2667 different VOCs were analyzed.
It appeared that 18 VOCs were differentially present in exhaled breath from
patients not having an exacerbation versus patients suffering an exacerbation
event, 15 VOCs were differentially present in exhaled breath from the com-
parison of baseline measurements to the first exacerbation measurement at the
start of the exacerbation event. Support vector machine classifiers based on
these datasets classified 92% respectively 94% of exacerbations correctly.

Interpretation

This study shows that VOCs in exhaled breath are able to indicate CF exac-
erbations weeks before these adverse events are clinically manifest.
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INTRODUCTION

Cystic fibrosis (CF) is a hereditary disease affecting exocrine glands. It will,
among other multisystem failures, manifest itself as a progressive lung disease
characterized by recurrent infectious events. These exacerbations lead to acute
changes in pulmonary symptoms related to increased airway secretions. Pul-
monary insufficiency has a great impact on the quality of life and is the main
reason of morbidity in CF. In case of an exacerbation intravenous antibiotics
and hospital admission are often necessary and exacerbations have also been as-
sociated with diminished lung function in later life.40 The yearly exacerbation
rate increases with age and more severe pulmonary impairment and is clearly
related to survival.41,42 To date there is no predictive measure regarding the
occurrence of an exacerbation by means of an objective chemical, physiologic
or histologic marker. Therefore, it is not possible to anticipate and by means
of treatment prevent lung damage in the long term. An early and accurate di-
agnosis of an exacerbation will facilitate the possibilities to treat these adverse
events before they are clinically manifest.44

Oxidative stress plays a major role in CF pulmonary exacerbations and before
the exacerbations become clinically manifest the increase in oxidative stress
might be useful as an indicator of early manifestation of the exacerbations.
Literature states that the analysis of breath might prove useful as a diagnostic
tool regarding the detection of oxidative stress and might prove useful in the
diagnosis and/or early prediction of exacerbations providing clinicians with the
possibility to treat these patients with antibiotics in an early stage in order to
reduce the severity of the exacerbation or even prevent it.
Regarding the analysis of exhaled breath several biomarkers for diseases have
already been identified. Nitric oxide (NO) levels are generally accepted as a
marker of inflammation and oxidative stress in the respiratory tract in patients
with asthma.12 Additionally carbon monoxide (CO) has been investigated as a
potential biomarker in chronic lung diseases. Yamaya et al. found a significant
relationship between exhaled CO concentrations and the forced expiratory vol-
ume in one second (FEV1).

8

Besides these small and easy to identify VOCs in exhaled breath other volatile
organic compounds (VOCs) available in exhaled breath have been studied re-
garding their hypothesized function as biomarkers.59 The availability of hun-
dreds of different VOCs in exhaled breath was already demonstrated by Pauling
et al. in 197147 and many more have been identified since. Philips et al. have
recently successfully demonstrated the possibility of using VOC profiles in ex-
haled breath as biomarkers of lung cancer and pulmonary tuberculosis.14,15,48

In previous research we identified subsets of VOCs that proved to correctly
classify COPD patients from non-diseased controls23 and children with asthma
or CF from healthy controls.20,90 Therefore, we are particularly interested in
multi-component analysis of VOCs in CF patients suffering an exacerbation in
order to increase diagnostic performance using a biomarker profile approach.
These previous studies applied a cross sectional setup whereas the study de-
scribed in this article demonstrates the longitudinal approach to the analysis of
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exacerbations in CF patients. This approach may have great potential regard-
ing clinical application for the assessment of exacerbations. Especially since
the analysis of breath provides a fast, non-invasive, cost beneficial and easy to
perform diagnostic tool.22 The aim of this study was to identify biomarkers
in exhaled breath that are able to 1) predict CF exacerbations reliably and 2)
could monitor the course of exacerbations in CF.

METHODS

Study subjects

A total of 26 subjects (age [mean±SE] 15.8±2.1 years) suffering from CF were
recruited at the Maastricht University Medical Center, The Netherlands. Sub-
ject characteristics are presented in table 6.1. CF disease was defined as the
combination of characteristic clinical features (persistent pulmonary symptoms,
meconium ileus, failure to thrive, Steatorrhea) and an abnormal sweat test
(Chloride >60 mM).91 CF severity was based on the Shwachman-Kulczycki
score (SK-score).86,92 The following exclusion criteria were applied: diseases
that may interfere with the results of the study (e.g. other chronic inflam-
matory diseases, such as Crohn’s disease or rheumatoid arthritis), inability to
perform measurements properly or active smoking.

Study design

The design was a one-year prospective controlled longitudinal study. At 2-
month intervals, routine clinical visits with assessments of clinical parameters,
Shwachman-Kulczycki score, measurement of lung function indices and collec-
tion of exhaled breath samples were carried out. In case of an exacerbation,
patients were asked to come for four extra visits at day 1, 5, 10 and at the
end of the exacerbation. These additional visits were planned at most twice
during the study per patient. In order to diagnose a CF exacerbation in a stan-
dardized manner, the scoring system of Rosenfeld et al. was applied.93 The
definition of an exacerbation was based on respiratory symptoms, school or
work absenteeism, weight loss (over one kg over the preceding month), crack-
les or rhonchi on auscultation, and a decrease in FEV1 of more than 20% of
personal maximum value. Recognition of an exacerbation in an early stage
was important in this study. It was made possible by means of home monitors
(AM1, Viasys, Hoechberg, Germany). With the home monitor, (FEV1), as well
as use of antibiotics, overall well-being, and presence of pulmonary symptoms
(cough, sputum, dyspnoea) were recorded 3 times a week at fixed times. In
case of an exacerbation, patients were called to the hospital for the additional
measurements. To monitor the development of an ongoing exacerbation the CF
clinical score questionnaire (CFCS) of Kanga et al. was used.94 All subjects or
their parents gave their informed consent and the study protocol was approved
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by the medical ethics committee of Maastricht University. The international
study number was NCT00404859.

Table 6.1: Subject characteristics (26 CF patients)

Age (yrs) 15.8± 2.1
Weight (kg) 37.8± 3.1
Height (cm) 143.1± 4.1
Sex (M/F) 13/13
Lung Function Indices
Bronchodilating response in FEV1 (%) 2.9± 1.1
FEV1 (% predicted) 68.3± 4.1
FEV1/VC (%) 77.9± 3.3
FVC (% predicted) 72.3± 4.1
MEF50 (% predicted) 51.1± 5.9
TLC (% predicted) 106.4± 2.6
RV (% predicted) 180.1± 13.9
ITGV (% predicted) 121.3± 5.2
Treatment
Antibiotics, prophylactic (inhaled or oral) 7(27%)
DNase 18(69%)
Fat soluble vitamins 23(89%)
Antacids 20(77%)
Inhaled steroids 6(23%)
Long acting 2-agonist 5(19%)
Sputum Cultures
Positive sputum cultures (yes/no) 22/4
Pseudomonas Aeruginosa 9(43%)
Staphylococcus Aureus 17(77%)
Haemophilus Influenzae 6(29%)
Haemophilus Parainfluenzae 5(24%)
Aspergillus Fumigatus 6(29%)
Candida Albicans 4(19%)

Table 6.1: Subject characteristics: mean±standard error are presented unless stated other-
wise. FEV1: forced expiratory volume in one second, VC: vital capacity, FVC: Forced vital
capacity, MEF50:
volume, ITGV: intrathoracic gas volume.

Sample collection and analysis

Subjects were sampled at a centrally ventilated treatment rooms located in the
hospital as described previously by van Berkel et al.22 Subjects were asked to
deeply inhale and subsequently exhale into resistance free Tedlar bags (1L).
Usually 2 to 3 exhalations were sufficient to inflate the bag. The contents of
the bags were transported under standardized conditions onto stainless steel
two-bed sorption tubes, filled with carbograph 1TD/Carbopack X (Markes In-
ternational, Llantrisant, Wales, UK) that trap VOCs. Desorption tubes were
stored at room temperature until analysis. For the analysis these desorption
tubes were placed inside a thermal desorption unit (Marks Unity desorption
unit, Markes International Limited, Llantrisant, Wales, UK) and subsequently
heated to 270◦C in order to release all VOCs onto a cold trap. This preconcen-
tration step is necessary to increase sensitivity and to provide the means to re-
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lease all compounds onto the gas chromatograph (GC) at the same time. VOCs
were separated by GC (ThermoFisher Scientific., Austin, Texas, USA). The gas
chromatography capillary column RTX-5ms, 30 m x 0.25 mm 5% diphenyl, 95%
dimethylsiloxane capillary, film thickness 1.0µm was used for separation. Sub-
sequently detection by a time-of-flight mass spectrometer (TOF-MS) (Thermo
Electron Tempus Plus time-of-flight mass spectrometer, ThermoFisher Scien-
tific, Austin, Texas, USA) was applied. The temperature of the gas chro-
matograph was programmed as follows: 40◦C during 5 min., then raised with
10◦C/min until the final temperature of 270◦C which was maintained for 5
min. Electron ionization at 70eV was used with a 5Hz scanning rate over a
mass range of m/z 35-350 amu. An example of a breathogram and the identi-
fication of a few peaks is shown in figure 6.1.

5 10 15 20 25 30

1

2

3

4

5

6

x 10
6

Retention Time (min)

In
te

ns
ity

 (
co

un
ts

)

ed

c

b

a

g

f

Figure 6.1: Example of a breathogram from a control subject demonstrating a few identified
compounds as examples. a) acetone; b) 1,3-pentadiene; c) 2-methyl-pentane; d) benzene; e)
toluene; f) 6-methyl-5-hepten-2-one; g) phenol.

Data-acquisition

Analysis of the data output files from the GC-TOF-MS was performed in suc-
cessive steps as previously described in detail.22 In summary the first step was
to perform peak detection and baseline corrections on all analysis output files.
Normalization of the calculated peak areas was performed using an area scaling
factor based on the cumulative area under the detected peaks; since all chro-
matograms display rather similar profiles this method of normalization proved
most robust. Retention times (RT) of all samples were corrected for chromato-
graphic drifting. Applying the correction for retention times is very effective
and easy to perform. The use of an added internal standard is avoided, since
already available compounds that demonstrate availability in a large number
of samples are used, adding to the straight-forwardness and robustness of the
presented methodology. Finally, the output files were merged by combining
corresponding compounds based on retention time and on similarity of the cor-
responding mass spectra. The degree of mass spectra similarity was calculated
using a match factor (MF) based on the similarity index as described by Stein
et al.63 These match factors were only determined for compounds within a se-
lectable RT-window, this value was chosen based on analysis of the maximum
RT-range of identical compounds found in several subject files. MF-threshold
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values were determined based on a variety of complementary compounds man-
ually combined which resulted in a used MF of 0.859.

Selection of informative compounds

To gain more insight into what VOCs hold predictive value regarding the occur-
rence of these exacerbations analysis of two settings was performed comparing
different phases of the exacerbations.

- Setting 1
The first explored setting (setting 1) was the comparison of baseline
measurements (t0) to the first exacerbation measurement (e1) at the
start of the exacerbation event. The baseline measurement was defined
as the standard sample taken on average one month prior to the start
of the exacerbation event and denoted by t0. The measurements during
the exacerbation were chronologically denoted by e1, e2, e3 and e4. If
subjects suffered from a second exacerbation during the time of research
these measurements were denoted by e5, e6, e7 and e8. These phases
were treated as e1, e2, e3 and e4 respectively. The baseline measurement
before t0 is denoted by t−1, the one before that t−2 as shown in figure
6.2.

- Setting 2
The second setting (setting 2) explored was by comparing baseline sam-
ples (t0) of subjects suffering an exacerbation to baseline measurements
(t0) of subjects not suffering an exacerbation. Sampling dates of all in-
corporated samples in this setting were chosen as close to one another as
possible.

Both settings were explored since both settings might provide information with
regards to the compounds that contribute to an early detection of exacerbations
in CF patients. Setting 1 analyzed the intra-individual differences before and
during exacerbations while setting 2 analyzed the inter-individual differences
prior to exacerbations.

Component selection

Subsequent component selection and determination of interesting compounds
was performed in two ways for both of the above described settings:

- By analyzing the compounds and determining the significantly differ-
ent compounds based on a t-test, since the dataset demonstrated to
be normally distributed. The p-values were corrected for by a Bonfer-
roni correction because of multiple testing. The significantly different
compounds could hold valuable information and effort was made to find
those compounds that might hold the potential of a single biomarker
for the early detection of exacerbations in CF patients. In addition to
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Figure 6.2: Study timeline demonstrating standard and exacerbation measurements. The
baseline measurement was defined as the sample 0-2 months (on average 39 days) before the
clinical onset of an CF exacerbation, denoted by t0. Measurements before t0, were coded
t−1, t−2,...etc. The time interval between these measurements was 2 months. During the
exacerbation, measurements were denoted by e1, e2, e3 and e4, referring to the additional
measurements at day 1, 3, 5 and at the end of the event, respectively. After the exacerbation,
standard measurements continued at two months intervals denoted as e1, e2,... etc.

.

that, analyses of all compounds individually might provide future in-
sight into the changes in pathophysiology of exacerbations although we
are aware that numerous compounds in breath are still not biologically
linked to metabolic or disease pathways and studying the pathophysiol-
ogy of these exacerbations in relation to extracted compounds is currently
out of scope.

- By selecting informative compounds fitted into a support vector ma-
chines (SVM) classification model that would preferably be able to (1)
correctly classify samples of baseline measurements (t0) compared to the
first exacerbation measurement (e1) and (2) baseline samples from sub-
jects experiencing an exacerbation later on from baseline samples from
subjects not suffering from an exacerbation at all. This might provide in-
formation regarding a profile of VOCs combined into an SVM model that
hold predictive power with regards to early detection of exacerbations.
Previous research has concluded that classification based on a profile of
VOCs in breath is far superior compared to classification based on single
compounds.

The SVM approach was chosen for its ability to construct predictive models
with large generalization power even in the case of large dimensionality of the
data when the number of observations available for training is low, which is
obviously the case here. SVM are specifically useful since they seek a globally
optimized solution and avoid over-fitting, so the large number of features or
compounds is allowed.69 The compounds are selected through a number of vari-
able selection criteria. This selection algorithm will select the optimal subset of
compounds able to correctly classify the dataset. A variety of subset selection
methods was tested, among which the gain-ratio attribute evaluator. In order
to obtain the best subset of compounds the attribute selection option imple-
mented in Weka64 was used. Compounds were selected using an SVM attribute
evaluator. The attribute evaluator we used evaluated the worth of a subset of
compounds by considering the individual predictive ability of each compound
along with the redundancy between them. Preferably compounds were selected
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showing high correlations within the class and low inter-correlation. After ev-
ery run the least efficient compound was removed. A subset of the highest
ranking compounds was implemented into an SVM classifier trained with John
Platt’s sequential minimal optimization algorithm.65 The SVM classifiers were
validated and performance was tested with use of 10 times cross-validation in
which the entire dataset is split repeatedly into a test set (90% of samples) and
a validation set (10% of samples).

RESULTS

Of 26 included patients, 17 patients experienced one exacerbation and 8 pa-
tients had a second exacerbation. Of the patients with one exacerbation, 2
withdrew from the study after the event. These patients were excluded from
the analysis.

Significantly different compounds

The analysis of exhaled breath based on 24 subjects demonstrated that the
breath contained a wide variety of VOCs. A total of 2667 different compounds
were found and a mean of 332 different VOCs were detected per sample. Each
subject delivered 7 to 15 samples depending on the occurrence of exacerba-
tions or not. Table 6.2 shows the significantly different compounds in both
settings. For each setting the significantly different compounds (p=0.05) were
determined by a t-test with a Bonferroni correction. Significantly different
compounds regarding setting 1: t0 compared to e1 (for subjects experiencing
an exacerbation) were obtained using a paired t-test. Regarding setting 2: t0
from subjects that would experience an exacerbation within 3-8 weeks com-
pared to baseline samples from subjects not suffering an exacerbation were
analyzed with a non-paired t-test. Identification of the compounds was per-
formed by comparing the mass spectra to a library and by interpretation of the
mass spectra by a experienced mass spectrometrist.
After selection of the significantly different compounds these compounds were
tracked in all other samples (t−2 to e4) and their relative intensity was deter-
mined in all samples in order to provide more insight in the course of intensities
of these compounds prior to and during exacerbations. Analysis of the avail-
ability of a selected compound prior to and during the exacerbations ranging
from phases t−2 to e4 demonstrated that some of the significantly different
compounds do display a correlation towards the phase of the exacerbation and
might hold potential as biomakers for monitoring of an exacerbation. As shown
in figure 6.3, 7 out of 32 selected compounds showed a trend towards the phase
of the exacerbations as tested for with a Friendmann test, namely: eicosane;
1-amino-2-butanol; tetradecane 2,6,10-trimethyl; cyclopentacycloheptene; 5-
hexene 5-methyl and heptane - were found using setting 1; 2 out of 7 com-
pounds namely; 1-amino-2-butanol and 2-nonenal - were found using setting
2. One compound (1-amino-2-butanol) was found to be significantly different
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in both settings. Other compounds did not show a trend associated with the
phase of the exacerbation.

Table 6.2: Identified VOCs

Setting 1
Compound P-value
2-methyl-2-penten-1-ol 0.0465
I 0.0044
2-methyl-1-hexadecanol 0.0439
2,3,5,8-tetramethyl-decane 0.0198
II 0.0467
1,4-dione-2,5-cyclohexadiene 0.0387
2-methyl-nonane 0.0099
2,3-dimethyldecane 0.0489
2-chloro-benzenamine 0.0151
III 0.0081
butyl-cyclopropane 0.006
3-buten-2-one 0.0349
heptane 0.0097
2,3,4-trimethyl-pentane 0.0486
IV 0.0498

Setting 2
Compound P-value
1-methylthiol-1-propeen 0.0285
5-tridecene 0.0082
2-tetradecen-1-ol 0.0421
V 0.0468
3,5-dimethyl-1-hexene 0.0325
VI 0.0219
VII 0.0415
2-pentene 0.0429
3,6-dimethyl-octane 0.0217
nonadecane 0.0124
diphenylmethane 0.0278
dodecanal 0.04
VIII 0.0201
IX 0.0383
3,3-dimethyl-1-hexene 0.0286
1-propene-1-thiol 0.0238
X 0.025
1,5-pentanediol 0.048

Table 6.2: Significantly different compounds regarding both setting 1 and setting 2. P-value
is corrected for with Bonferonni correction. Unidentified VOCs are denoted by I,II,II etc.

Support vector machine classifier

The second approach to determine which combined compounds might be use-
ful for the prediction of an exacerbation and classification of the exacerbation
stages was performed by means of building an SVM model. Compounds de-
tected in less than 8% of samples were deleted from the dataset according to
Penn et al.68 in order to avoid inclusion of compounds demonstrating avail-
ability in a very low number of samples resulting in a very high discriminatory
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Figure 6.3: Availability of selected significantly different compounds demonstrating a certain
trend towards the phase of the exacerbation. The start of the exacerbation is denoted by
’e1’. a) eicosane; b) 2,6,10-trimethyl-tetradecane; c) cyclopentacycloheptene; d) 1-amino-2-
butanol; e) 5-methyl-5-hexene; f) heptane; g)2-nonenal.
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power of these compounds with regards to samples they were detected in. This
will result in overfitting and has to be avoided. The 912 compounds that were
available in at least 8% of samples were added to the SVM analyses. The re-
sulting datasets were selected as described in the previous paragraph (Selection
of informative compounds). The identified compounds and their performance
when introduced into an SVM model are shown in tables 6.3 and 6.4. It should
be emphasized that the best performing compounds implemented in an SVM
model do not necessarily exhibit high individual sensitivity or specificity since
the performance of the SVM model is based on the cumulative information of
all implemented compounds. As demonstrated in table 6.3 the most optimal
performing SVM for setting 1 (baseline versus exacerbation within patients)
is based on a subset of 6 VOCs classifying 94% of samples correctly (sensitiv-
ity 94%, specificity 95%). Adding more VOCs does, to some degree, increase
performance, but, as little VOCs as necessary are to be incorporated in order
to minimize or avoid the effect of over-fitting. The most optimal SVM model
regarding setting 2 (baseline resulting in exacerbation versus baseline not re-
sulting in exacerbation) is based on 8 VOCs. Exacerbations were correctly
classified in 92% of samples (sensitivity 100%, specificity 84%) as shown in
table 6.3.

Table 6.3: SVM performance

Setting 1
No. of compounds Specificity Sensitivity % Correct
9 0.75 0.89 0.83
8 0.94 0.89 0.91
7 0.94 0.95 0.94
6∗ 0.94 0.95 0.94
5 0.81 0.89 0.86
4 0.69 0.95 0.83
3 0.63 1 0.83
2 0.56 0.89 0.74
1 0.44 0.79 0.63
Setting 2
number of compounds Specificity Sensitivity % Correct
11 1 1 1
10 0.84 0.95 0.89
9 0.89 0.95 0.92
8∗ 0.84 1 0.92
7 0.79 1 0.89
6 0.79 0.84 0.82
5 0.74 0.89 0.82
4 0.63 0.89 0.76
3 0.47 0.84 0.66
2 0.32 0.95 0.63
1 0.26 0.84 0.55

Table 6.3: Performance of the support vector machines in relation to the number of VOCs
implemented into the model. The asterisk denotes the optimal performing SVM for both
setting 1 and setting 2. Where in case of analysis of setting 1 a model based on 6 compounds
correctly classified 94% of samples, regarding setting 2 a model based on eight VOCs correctly
classified 92% of samples.
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Table 6.4: Identified VOCs

Setting 1
2-nonenal
7-hexadecenal
5-butyl-4-nonene
3,7-dimethyl-6-nonenal,
2-decanal
3,5-dimethyl-5-hexen-3-ol
Setting 2
7-methoxy-3,7-dimethyl-octanal
2-pentene
2-chloro-hexanal
I
5-diol-cyclohexene-3
1,3-decadiyne
pentane
II

Table 6.4: Identified compounds as implemented into the most optimal SVM classifiers as
shown in table 6.3. The two models, regarding both settings, based on these VOCs demon-
strated superior performance. Compounds have been identified by comparison of the mass
spectra to the NIST library and mass spectral interpretation by an experienced mass spec-
trometrist. Unidentified VOCs are denoted by I,II,II etc.

DISCUSSION

This paper describes our effort to develop and test a methodology based on the
analysis of exhaled breath to obtain information regarding the exacerbations
patients suffering from CF experience. The principle is based on identification
of VOCs in exhaled breath, a totally non-invasive, easy to perform, cost effec-
tive and accurate methodology. Based on the presented data, early recognition
of an up-coming exacerbation and consequently early treatment with antibi-
otics, leading to prevention or suppression of exacerbations in future studies
seems feasible.95

We identified 33 VOCs that demonstrated a significant difference in availabil-
ity in breath in the two mentioned settings. Setting 1: t0 compared to e1 (for
subjects experiencing an exacerbation) using a paired t-test in which 15 VOCs
proved to be significantly different. Setting 2: t0 from subjects that would ret-
rospectively experience an exacerbation within 3-8 weeks compared to baseline
samples from a subject not suffering an exacerbation in which 18 VOCs proved
to be significantly different. Further analysis of these 33 significantly different
VOCs revealed that in 7 VOCs demonstrated a trend towards the phase of
the exacerbation. This demonstration might provide the means for detailing
an exacerbation or monitoring the phase of the exacerbation. From the VOCs
shown in figure 3 however only 5-metyl-5-hexene and 2-nonenal demonstrated
a non-significant difference (p<0.05) between the t−2 and e4 phases. All other
VOCs show a significant difference between these two phases possibly implying
that at time point e4 - the end of the clinical manifestation of the exacerba-
tion - these values had not returned to baseline values yet, which makes use of
these VOCs as biomarkers for exacerbation progression unlikely. It is however
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interesting to notice that all VOCs shown in figure 6.3 do demonstrate a trend
towards to phase of the exacerbation with regards to phases t0 to e4. It also
demonstrates that prediction of an exacerbation in all subjects with acceptable
sensitivity and specificity could not be accomplished based on a single VOC.
External validation of these results in a larger study population has to be per-
formed.
Our study also demonstrates that SVM classifiers are able to predict an exacer-
bation with acceptable sensitivity and specificity. To classify subjects suffering
an exacerbation from subjects not suffering an exacerbation a model based on
VOCs in exhaled breath resulted in 94% correct classification of the samples as
validated with 10 times cross validation. Using sophisticated statistical tools
we extracted 6 VOCs out of nearly 912 exhaled compounds that combined into
an accurate SVM model. This model proved to be highly sensitive and spe-
cific regarding the prediction of exacerbations intra-individually. The second
SVM model was based on baseline measurement comparing patients suffering
an exacerbation 2-4 weeks after the baseline measurement versus patients not
suffering an exacerbation. This resulted in an SVM model comprised of 8 VOCs
able to classify correctly 92% of exacerbations.
The selected VOCs appeared to be mainly long chain hydrocarbons however,
the origin of some of the identified VOCs remains elusive. There are several
hypotheses. First, bacterial infections might give rise to changes in the profile
of exhaled VOCs as metabolic products are degraded or formed as described
by Syhre et al. who monitored bacterial headspace changes.75 Whether it is
possible to detect such small changes in profiles of VOCs produced by these
bacteria in human breath - that is if these bacterial VOCs are not altered by hu-
man metabolic processes - is unknown. Second, discriminating VOCs might be
due to changes in the degree of oxidative stress. Generation of reactive oxygen
species (ROS) by activated neutrophils cause degradation of polyunsaturated
fatty acids (PUFAs) in a process called lipid peroxidation, giving rise to VOCs
like ethane and pentane. These hydrocarbons demonstrate a low solubility in
blood and if the bloodstream passes the lung tissue these hydrocarbons are
excreted into exhaled breath. In earlier research we have been able to iden-
tify VOCs in exhaled breath from smokers possibly related to oxidative stress.
These VOCs were already mentioned in literature as smoking behavior related
and were not exogenous of.22,66,96 We also build an SVM model based on a
set of 6 VOCs able to discriminate between COPD patients and non-diseased
controls.23

Especially the VOC 2-nonenal and its hydroxilized form 4-hydroxy-2-nonenal
are described in literature as reaction products of lipid peroxidation of omega-
7 fatty acids and has already in 2003 been linked to inflammatory processes
in COPD patients.97 Also the chlorinated VOC 2-chloro-hexanal has been
described in literature to be generated by a chlorination process in case of a
neutrophilic response.98

Further studies are necessary in clinical settings but also in inflammation mod-
els to explain the biochemical origin, the physiological meaning and exhalation
kinetics of our selected VOCs. Analyses of all VOCs individually might provide
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future insight into the changes in pathophysiology of exacerbations although
we are aware that numerous VOCs in exhaled breath are still not biologically
linked to metabolic or disease pathways and studying the pathophysiology of
these exacerbations in relation to extracted VOCs is currently out of scope.
Nevertheless without this mechanistic knowledge the VOCs may already be of
value as a monitoring tool for clinical studies.
In the research field of exhaled breath analyses, there is an ongoing discussion
whether or not background measurements should be taken into account in or-
der to correct for ambient air influences. In the presented work, no background
extraction was applied to keep the methodology as easy and straightforward
as possible. Moreover, Miekisch et al. mentioned that it will not be possi-
ble to correct for the complex interdependencies between excretion and uptake
of VOCs by easily subtracting the peak areas obtained from inhaled air and
breath.3 In addition, the VOC selection procedure will only select those VOCs
that contain information about the disease status and since the subjects have
been randomly sampled, all VOCs that are indeed influenced by some con-
founding factors, like background or time-of-day, will not display information
regarding the disease or severity. This random sampling limits the possibility
of an exogenous VOC showing up only in a certain measurement (t−2 to e8) in
all subjects in order to constitute a highly significant effect.
Another point of discussion is the influence of dead space. No correction for
dead space was applied since omitting the start volume of breath might add
noise to the samples and reduce sensitivity. In our research we did not cor-
rect for dead space by means of sampling only the alveolar air. The applied
methodology samples a mixture of alveolar air and dead space air, which is
about 90 ml in children of 40 kg. Since most of the subjects were able to fully
inflate the 5 L Tedlar bag in 3 to 4 expirations the contribution of dead space
to the total volume is small and 90% of the obtained volume originates from
alveolar air and in our setup the dilution with dead space air does not lead
to sensitivity issues. In addition we wanted to provide a methodology as easy
and straightforward as possible. Results regarding the reproducibility of the
methodology are provided in previous research.22

One of the innovative steps of our approach compared to other studies in this
field is that we used the raw mass spectra to find the matching VOCs in all
subjects instead of searching for matching VOCs based on their chemical iden-
tification. This results in a far more precise and accurate dataset since chemical
identification remains elusive and numerous misidentifications result in corrupt
datasets. Our solution was to introduce the match factor in order to directly
match VOCs from different samples based on their mass spectra. This in-
creases accuracy since VOCs are compared to one another as measured with
the same experimental setup thus eliminating the differences between library
mass spectra and measured mass spectra arising from use of different setups.
This results in a superior database as compared to a database based on iden-
tification of VOCs. The final identification of the VOCs as shown in table 6.4
remains difficult and in a few cases questionable, due to GC-resolution limita-
tions.
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Our main goal was to develop a robust diagnostic methodology as a whole not
influenced by too many confounding factors. In principal the excretion of VOCs
can be influenced by many factors of intrinsic nature (gender, age, weight, ge-
netic background) or of exogenous origin (ambient air, diet or medication). It
is practically impossible to control for all these potentially confounding fac-
tors. Therefore it was our goal to select those VOCs that provide information
independently from other endogenous or exogenous confounding factors. We
recently concluded that our sampling procedure, chemical analysis, data han-
dling and accurate data mining provide a highly reproducible methodology.22

Now that interesting VOCs have been selected new advances in diagnostic tools
like the electronic nose55,78,83 could be specifically tuned to detect the afore-
mentioned VOCs in order to provide for a fast, non-invasive cost effective and
efficient diagnostic device to detect exacerbations in an early phase. When
combined with early (antibiotic) treatment, this method may result in the pre-
vention of exacerbations, an improvement in quality of life and lung function
and a reduction in healthcare cost which clearly is a topic for future prospec-
tive studies. In further research the pathophysiological meaning of the detected
VOCs could be tracked.
Further studies are necessary in clinical settings to explain the biochemical ori-
gin, the physiological meaning and exhalation kinetics of selected VOCs. How-
ever, without this mechanistic knowledge these VOCs may already be used as
a diagnostic tool for exacerbations in future clinical CF studies.
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General discussion
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Introduction

Metabolomics is the systematic study of unique chemical fingerprints that spe-
cific cellular processes leave behind.99 It maps the entire profile of metabolites
in a single cell, tissue or (part of the) organism. The concept that individu-
als might have a ’metabolic profile’ that could be reflected in the make up of
their biological fluids and gases was introduced by Roger Williams in the late
1940s.100 Williams used paper chromatography to determine disease-specific
metabolic patterns in urine and saliva. Advances in technology finally in-
creased the interest in qualitative analysis of metabolic profiles further in the
late 1960s and 1970s. Robinson realized that the patterns of hundreds or
thousands of chemical constituents in urine contained useful information as
proposed by Linus Pauling in the 1970s. This led to the characterization of
metabolic profiles extracted from urine, blood and breath. Although it was
not called metabolomics, their first paper devoted to this topic was entitled:
’Quantitative Analysis of Urine Vapor and Breath by Gas-Liquid Partition
Chromatography’ published in 1971.47 Demonstrating the metabolomics ap-
proach to the analysis of breath is nothing new. For decades it is known that
patients suffering from uncontrolled diabetes have an acetonic sweet smell of
breath, while patients suffering from liver disease have a fishy smell to their
breath. Apparently metabolic and disease pathways give rise to generation of
certain volatile molecules that are finally delivered to breath. Identification
of discriminating compounds in breath with regards to disease profiles might
prove useful regarding disease status and monitoring.

Breath analysis overview

Sampling

Metabolomics on breath has, as described above, been performed since the
1970s. From this time on the applied methodologies regarding breath analysis
have evolved tremendously. However to date no consensus has been established
regarding one unified and applied operating procedure and different research
groups apply different methodologies regarding sampling, sample analysis and
data analysis. Different issues regarding the analysis of breath are currently
hindering one unified methodology, the most important ones will be explained
in the following paragraph where the different designs and issues regarding
sampling of exhaled air are discussed. The first one deals with the debate re-
garding sampling of whole breath fraction compared to the alveolar fraction.
Exhaled air constitutes a mixture of dead-space air and alveolar air. The dead
space air is roughly 150 ml and originates from air from the upper airway where
no gaseous exchange is facilitated between blood and breath air. This part of
the exhaled air demonstrates to a large degree a high significance with the pre-
viously inspired air. The alveolar air originates from the lower airways where
concentrations of endogenous compounds have proven to be two to three times
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as high compared to dead-space air since gaseous exchange between blood and
breath air is facilitated in the lower airways. In short there are three ways to
sample exhaled air: (a) upper airway collection, this procedure only samples
the dead-space air, (b) lower airway collection, this procedure only samples the
alveolar air and (c) mixed air collection in which whole breath is sampled; a
mixture of dead-space air and alveolar air. Some breath tests like nitric oxide
(NO) measurements mainly use the dead-space air since NO is released both
into dead-space air as into alveolar air. Therefore to quantify the concentration
of NO dead-space air is used. VOCs and alike compounds are however released
into breath from the blood in case of systemic-inflammation related generation
of VOCs. However in case of inflammatory lung diseases VOCs are also intro-
duced in breath by means of release of VOCs from the target organ, in case of
COPD the lung. These systemic inflammatory disease related VOCs require
areas where gaseous exchange between blood and air is facilitated and therefore
with regards to these compounds the alveolar air is of interest. The dead-space
air dilutes the sample with respect to measurements of these VOCs. Different
solutions have been described in literature to minimize the effect of dilution of
the samples by dead-space air. The most efficient one being a setup in which
the alveolar air is sampled by a carbon dioxide (CO2) controlled valve. The
end-tidal CO2 concentration is used as a marker between dead-space air and
alveolar air. A less subtle but more simple solution was proposed by Phillips
et al. using a breath-collecting apparatus.101 This device transports the alve-
olar air onto a desorption tube using a reservoir filled with every exhalation.
After exhalation this reservoir is withdrawn in the reverse order in a flow con-
trolled rate which ensures that the alveolar air is not depleted before the next
exhalation, leaving behind the dead-space air14 in an ideal situation where no
diffusion is possible. The sampling procedure used in the research described in
this thesis used a mixture of dead-space air and alveolar air since sample col-
lection was based on sampling whole breath by means of inflating a Tedlar bag.
No effort was made to reduce the degree of dead-space air in the samples. As
mentioned before dead-space air constitutes a mere 150 ml on a total of some
2.5 to 4 liters of exhaled air in adults per exhalation. We have proven that the
contribution of dead-space air to the total volume of whole breath does not
lead to sensitivity issues in the currently used setup. Sampling whole breath
does however add to the simplicity of the methodology both with regards to
ease of use for the physician as to the degree of discomfort for the patient. This
simplicity is high on the list of qualities a biomarker should exhibit.
Samples are obtained by inflating a Tedlar bag and the samples are subse-
quently transported onto desorption tubes. With regards to sample collection
and storage before analysis it is of great importance to use materials not con-
taminating the samples. It has been extensively described that certain materi-
als used for tubing, valves, storage and sampling containers will contaminate or
alter the composition of the sample. Silicones and certain plastics or rubbers do
release certain VOCs that if brought into contact with the sample will introduce
noise. Stainless steel or glass containers and teflon fittings and cap-ends will
help prevent this contamination. Air tight transportation and capping of sam-
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ples is a necessity in order to prevent contamination from room air. We tested
application of different materials and selected those that delivered a minimum
of noise. Subsequently we tested whether storage time affected the sample
composition up to 6 months of storage, and demonstrated that there occurred
no (detectable) differences between samples with different storage times.
Due to the low concentrations most VOCs demonstrate in breath, preconcen-
tration of the samples is of importance and can be accomplished in different
ways. Cryogenic preconcentration is often used to get hold of the small highly
volatile compounds. The exhaled air is cooled with for example liquid nitrogen
and the VOCs of interest are trapped. A huge issue with regards to cryogenic
preconcentration of breath is that breath contains water vapor and carbon
dioxide that will cause ice crystals to form inside the apparatus and interfere
with the measurements. Another way of preconcentrating the breath sample
is by means of adsorption. This way the sample is transported through an
adsorptive material. The VOCs bind with the agent and become trapped. Dif-
ferent adsorptive agents are used with regards to preconcentration of breath
of which porous polymers like Tenax or Chromosorb, carbonized molecular
sieves and graphitized carbon. These are currently the most widely used. The
preconcentration method used in research described in this thesis was based
on commercially available graphitized carbon based stainless steel desorption
tubes containing a two stage Carbograph packing. This sorbant is widely used
for trace level analysis since it exhibits low artifact levels, and enables use
on a wide variety of VOCs. A huge benefit of these sorbants is the fact that
they exhibit fairly hydrophobic characteristics which makes these sorbants very
suitable for sampling under humid conditions, as is the case in breath analysis.
Preconcentration can also be done by means of solid phase micro extraction
(SPME).102 This technique is based on a silica fiber coated with a polymer to
which the VOCs from the sample adhere. The SPME fiber can be introduced
directly into the gas- or high pressure liquid chromatograph. SPME is well
suited for breath analysis and research has proven it facilitates detection of
VOCs in the nanomolar concentration range. However due to the small sizes of
these fibers the number of substances that can be adsorbed is limited. Research
described in this thesis used the preconcentration by means of adsorption onto
graphitized carbon packed in stainless steel tubes airtight locked with a teflon
cap, since these tubes are specifically designed to trap a large degree of present
VOCs from breath and are easy to use and store.

Chemical analysis

As the sample of exhaled air is obtained different analysis techniques are use-
ful in determining the content of the samples like mentioned in Chapter 1.
The methodology used in research described in this thesis is based on gas-
chromatography mass-spectrometry. It is the most commonly used technique
to analyze trace gases in exhaled air due to its high sensitivity and it enables
the user to identify the compounds of interest based on the measured mass
spectra.57 The analysis has proven to be user friendly providing the possibility
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of analyzing a large numbers of samples in an automated sequence. Chapter 2
validated the instrumental reproducibility of this technique and demonstrated
it to be of high degree. Both the instrumental reproducibility and inter/intra-
individual variability have been mapped. The instrumental reproducibility was
tested by analyzing two identical samples and determining the degree of sim-
ilarity between the two measurements. A global chromatographic comparison
match factor was applied presenting scores ranging from 0.96 to 0.99. A value
of ’1’ denotes identical samples, the lower the value the lesser the degree of
similarity, thus confirming as expected the intra-individual variability demon-
strates rather large variations and even bigger variations are demonstrated by
the inter-individual variability caused by the many confounding factors.

Data analysis

Due to advances and innovations in technology from the last few decades re-
searchers in all sorts of disciplines have within their grasp highly sensitive
and accurate sensors and measurement technologies facilitating to probe even
deeper into space in search of gravitational waves, study vast geological phe-
nomena or map the astonishing biomolecular mechanisms of the human body
to name a few. These highly sophisticated technologies however overwhelm re-
searches with ever growing databases and generated machine-outputs and these
data structures ask for special models to extract and visualize the interpretable
data. This also holds for the analysis of exhaled air. Like already mentioned
every sample of breath contains over 300 compounds as measured with the
previously described setup and a total of over 4000 compounds have been de-
scribed demonstrating availability in breath in a large population. Fortunately
in case of the exhaled air analysis the field of bio-informatics and bio-statistics
hugely aids to interpreting these large datastreams. We improved accuracy of
compiling the database by implementing a match factor. This match factor as
adapted from Stein et al.63 determines the degree of similarity between mass
spectra in order to find complementary compounds in different samples. In
contrast to other studies either manually compiling the dataset or compiling it
based on identification of the compounds our methodology proved both more
robust and time-efficient. Our self-written routines provide accurate and easy
analysis of the data, finetuning all operations according to the needs of the
generated data. However great care should be taken in interpreting the results
extracted from these huge databases.
In order to extract interpretive data from the large datastructures as generated
by the highly sensitive analysis techniques we applied several classification al-
gorithms to isolate the VOCs of interest. The classification algorithm outper-
forming other classifiers regarding our datastuctures is based on support vector
machines or SVMs. SVM analysis is an unsupervised learning algorithm able
to perform binary classifications. An SVM is trained to discriminate between
the members and the nonmembers of a class. After learning the features of the
class, the classifier is able to correctly classify unknown samples as members of
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a specific class. A huge benefit regarding SVM analysis remains the fact that it
always seeks a globally optimized solution and is designed to avoid over-fitting.
This implies a large number of features (or in our case compounds) is allowed.
Due to the aforementioned and since SVMs have been shown to perform es-
pecially well in multiple areas of biological analyzes, especially functional class
prediction from microarray gene expression data and chemometrics, applica-
tion of the SVMs was the logical step to make.21

Biomarker validation and issues

Introduction of a biomarker or a profile of biomarkers as a new diagnostic tool
requires a number of qualities this biomarker should exhibit as mentioned in
Chapter 1.
Over the last few decades techniques offering the possibility of a clinical breath
test have progressed significantly and a high increase in research and validation
on breath tests have been performed in recent years. In order for breath test
to be of clinical relevance this biomarker should exhibit the characteristics as
discussed in Chapter 1. Besides demonstrating these characteristics there are
a few issues regarding the analysis of exhaled air and its clinical relevance.

Validation

One of the issues regarding the analysis of exhaled air are shortcomings related
to validation; both methodological validation as validation of obtained results.
Like mentioned both instrumental reproducibility as inter/intra-individual vari-
ability should be studied. Chapter 2 of this thesis demonstrated a very high
degree of instrumental reproducibility as the same sample was split onto differ-
ent adsorption tubes and analyzed individually. The same chapter described
inter/intra-individual reproducibility and did not show unaccountable results.
Another important aspect of validation is the use of validation datasets during
data analysis, this in order to test the biomarker performance directly onto
an independent dataset. This to account for overfitting occurring for example
when a statistical model is too complex but does describe the relation of in-
terest to a high degree. Such a model will generally exhibit poor prediction
performance as minor fluctuations in the data will be exaggerated.

Standardization

Standardization remains currently one of the largest issues regarding analysis
of breath due to the absence of consensus on almost all different parts of the
analysis. Sampling of the subjects is performed with use of different machines
or methodologies, sampling both alveolar air and whole breath. Analysis of
the samples is performed with different techniques as explained in Chapter
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1, making data comparison between research groups difficult. Data analysis is
left to different software packages employing different algorithms to analyze and
interpret the data providing in some cases different results. Study design and
validation of the results make comparison of the results difficult for example
due to lack of validation subjects to validate the performance of the biomarker
in different studies. Therefore for breath tests to gain clinical relevance the
different stages of the analysis should be more standardized to facilitate com-
parison and validation of results. International meetings should address this
issue and should initiate the setup of a standard operating procedure or alike.

VOCs in ambient air

One of the major confounding factors is the background signal or room air;
these are compounds of exogenous origin. It constitutes a large portion of the
exhaled air thus masking or at the least interfering with the endogenous com-
pounds of interest. A debate is going on in the scientific world whether and
how to correct for this background air. Several propositions have been made
on how to correct for this confounding factor but to date there is non consen-
sus on this subject. In the methodology we developed we do not correct for
background or room air since there is no simple and elegant solution on how
to correct for it as is well documented by Miekisch et al.3 Simple subtraction
of the room air samples from the background sample is the most popular so-
lution but this correction methodology does not account for the complicated
interdependencies between excretion and uptake of VOCs by easily subtracting
the peak areas obtained from inhaled and exhaled air.3 We therefore applied
no background correction instead we used a sensitive measurement system and
advanced classification models to extract the compounds of interest. Since
subjects were randomly sampled at centrally ventilated rooms we tried to ran-
domize the effect of contaminants in background air limiting the discriminatory
power of the compounds. Another argument with regards to not employing a
background correction is that the overall effect will be minimized since more
confounding factors expressing a large effect on breath will not be corrected
for. Confounding factors like diet, exercise, smoking, gender and age all present
an influence on the composition of breath. These effects can not be easily cor-
rected for if even possible at all. However, noise from ambient air is expected to
be randomly distributed between subjects’ samples and would thus not exert
any discriminatory power, nor interfere with the outcome of the analyses.23The
huge advantages like the non-invasive nature of the methodology and its ease
of use would be minimized if patients were to be sober, smoke free for a cer-
tain period of time, rest for a certain period of time before the measurement
or inhale through a VOC-filter in order to avoid or minimize the influence of
these confounding factors.
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Pathophysiological relation

Currently one of the issues regarding the analysis of breath as a new biomarker
is the relation of selected VOCs to the biological role these biomarkers play. For
only a few of these biomarkers the pathophysiological link has been described
but the majority of interesting VOCs with regards to disease remains unknown.
In order for a breath biomarker to be of clinical value this pathophysiological
link should be determined. Although different scenarios regarding the origin
of VOCs from breath samples are possible, it still remains speculative to make
any conclusions. Especially since compounds originating in breath can very
well be biochemically altered and thus do not relate to disease directly. Fur-
ther studies are necessary in clinical settings but also in inflammation models
to explain the biochemical origin, the physiological meaning and exhalation
kinetics of selected VOCs. Nonetheless without this mechanistic knowledge
the compounds may already be of value to base a monitoring tool for clinical
settings.

Prospectives

COPD heterogeneity

COPD has been long recognized as a heterogeneous disorder or group of dis-
orders - asthma, chronic bronchitis, emphysema, and airflow obstruction - all
being important parts of the final disease process.34 The different components
of disease heterogeneity in COPD include different mechanisms in development,
presentation and course as explained in the following paragraph detailing the
high potential of analysis of exhaled air regarding COPD.
Regarding initiation of the disease smoking is the number one risk factor for
the development and progression of COPD. However since less than 25% of
smokers develop COPD and more than 15% of COPD mortality occurs in non-
smokers other factors are likely of high importance. Smoking cessation is the
single most important intervention in COPD management but since the best
reported cessation rates are still less than one third,103 better treatments are
needed. Different mechanisms of development have been extensively studied.
Snider et al. describe that 1-Antiprotease deficiency is an important cause
of COPD in a very small percentage of cases104 but other undefined genetic
factors certainly play important roles in COPD development.105 The role of in-
fections in both the development and progression of COPD is getting increased
attention, especially the role of adenoviral infections in patients with emphy-
sema is widely discussed.106–108 Other important factors like occupational and
environmental exposures to various pollutants also play an significant role in
developing COPD.109 But besides its heterogeneity in development COPD also
demonstrates heterogeneity in its presentation. Based on data from NHANES
III,110 a significant proportion of patients with severe airflow limitation (FEV1

<50% of predicted) may not report symptoms. The symptoms reported most
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frequently include wheezing and shortness of breath in some 65% of subjects
with FEV1 values less than 50% of predicted.
COPD has become increasingly recognized as a systemic illness with effects on
nutritional status and muscle wasting.111 Many COPD patients probably have
components of chronic bronchitis, asthma, and emphysema occurring simulta-
neously. Bear in mind some of this overlap might be related to misdiagnosis,
however some of it may be a measure of the presence of reversibility. A bet-
ter definition of the individuals comprising these groups ultimately may help
to prepare better interventions and this is the area where exhaled air analysis
might play a key role. An indication of disease heterogeneity and reversibility
in COPD patients might be obtained by determining exhaled air composition
on top of looking at respiratory symptoms, lung function, and activity limita-
tion, thus adding to a new ’gold’ standard regarding COPD and subsequently
providing opportunities for superior targeted interventions and therapies as
currently available.

Exacerbations in CF

Pulmonary exacerbations in patients with CF are associated with poor quality
of life, declines in cognitive status, increased healthcare costs, and increased
patient mortality.41,112 Clearly, studies of factors that either predispose or
protect CF patients from pulmonary exacerbations have the potential to sig-
nificantly affect both patient outcomes and healthcare system outcomes. The
results of published prospective studies suggest that age, sex, lung function,
history of previous exacerbations, and use of inhaled corticosteroids are impor-
tant factors that are associated with pulmonary exacerbations in CF patients.
But needed is a more direct measure of worsening pulmonary symptoms based
on easy to obtain biomarker levels. As demonstrated in Chapter 6 analy-
sis of exhaled air and adequate interpretation of selected VOC levels might
provide the means to allow for early identification and closer monitoring of
patients with high risk profiles if results will remain true in a larger validation
study. Monitoring of high risk patients and early identification of worsening
pulmonary symptoms might allow adequate therapeutic interventions with oral
antibiotics and/or physiotherapy to prevent severe exacerbations adding to the
quality of life in these patients.113

Perspectives

Biomarker prediction

Whether novel biomarkers add useful information for disease diagnosis, disease
monitoring or risk prediction has been the focus of intense scrutiny in the scien-
tific literature especially regarding cardiovascular diseases but the findings can
very well be extrapolated to medical biomarker evaluation in general.114,115 A
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variety of factors are responsible for these conflicting findings: inadequate sta-
tistical power, use of older biomarkers, the lack of measures such as calibration
and reclassification and disuse of external validation sets have been invoked
to explain the poor performance of biomarkers in some studies.116,117 On the
other hand it has been argued that other studies overestimate the relative util-
ity of biomarkers by examining homogeneous or highly selected samples or by
using inappropriate endpoints.
The increased levels of scrutiny regarding novel biomarkers is fed by the results
presented based on ever increasing statistically significant measures. What may
be relevant to clinical care, however, is not whether changes in predicted prob-
abilities are statistically significant but whether application of these identified
biomarkers results in reclassification of individuals to new, clinically related
risk categories. Breath analysis might provide the means to differentiate on a
physiological basis between clinically related disease profiles or sub-stages.
To date several studies regarding the analysis of exhaled air related to disease
suggest that breath testing might potentially be valuable in clinical practice
because its accuracy proved superior to the reported sensitivity and specificity
of current methodologies.3,24

The challenge will be to find and validate those biomarkers related to disease
able to individually or in combination with existing biomarkers bring about
improvements in risk assessment that are not just statistically significant but
clinically significant as well. An interesting part of the problem might be solved
as discussed and shown in this thesis by implementation of advanced classifiers.
Application of the classification algorithms has revealed patterns of breath
VOCs that are highly distinctive to constitute a certain VOC profile linked to
a disease(status).15,20,22–24,62,66,90 The superior SVM approach demonstrated
to outperform other available unsupervised learning methods for its ability to
construct predictive models with large generalization power even in the case of
large dimensionality of the data when the number of observations available for
training is low,22,23 which is obviously the case in exhaled air analysis. SVMs
are specifically useful since they seek a globally optimized solution and avoid
over-fitting, so a large number of features or compounds is allowed.69

Conclusion

Breath analysis holds the promise to be of huge interest in clinical practice.
It is proven in this thesis that in some disease profiles it is able to perform
as a quality biomarker, being a sensitive and non-invasive methodology. How-
ever large (prospective) cohort studies are necessary in order to validate the
selected biomarkers linked to the different disease profiles. Future research re-
garding more specific and highly sensitive sensors will provide the means for
these biomarkers to be highly cost effective and very simple to use.83,85 A
wide range of sensors is currently under research including metal-oxide sensors
and polymer-based sensors, both demonstrating resistance variations related to
absorption of specific VOCs and the surface acoustic wave technology demon-
strating acoustic variations according to absorption of specific VOCs. It is
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however unlikely the currently applied sensors will, even after fine-tuning and
incorporation of all necessary adaptations, demonstrate high sensitivities re-
garding individual VOCs. A more likely-to-work approach is detection of the
disease-related VOCs by means of miniaturized GCs in line with highly sensi-
tive en specific sensors (for example MS). Improved sensitivity and specificity
and subsequent implementation of these technologies into small ’fool-proof’
handheld devices combined with advanced signal processing modules and an
easy-to-apply breath collection procedure without the need to correct for all
confounding factors will bring breath analysis right into clinical practice.
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Introduction

Technical advances in analytical analysis during the last few decades have been
responsible for the recent developmental improvements in diagnostics and par-
tial understanding of metabolic and biological pathways. This could lead to
the discovery of new biomarkers able to characterize and identify disease. This
thesis aims to describe our efforts regarding design and validation of a diagnos-
tic tool based on the analysis of exhaled air. Exhaled air contains a complex
mixture of volatile organic compounds (VOCs), some of which could poten-
tially be applied as biomarkers for lung diseases. To date only single markers
in breath are used in clinical diagnostics lacking the degree of specificity and
sensitivity in order for the methodology to be taken in clinical practice.
The rapid, accurate and non-invasive diagnosis of respiratory disease repre-
sents a challenge to clinicians while the development of new treatments can
be confounded by insufficient knowledge of lung disease phenotypes. We have
developed a sampling methodology for collecting concentrated samples of ex-
haled air from patients suffering from COPD and cystic fibrosis against which
we employed two-stage thermal desorption gas chromatography-time-of flight
mass spectrometry (GC-MS) analysis. Data analysis tools have been developed
enabling pipeline analysis of the generated GC-MS sample outputs. Informa-
tive VOCs were extracted from the compiled database and implemented into a
classifier of which performance was evaluated.

Summary

Chapter 2 describes this developed methodology regarding the analysis of ex-
haled air. Both the instrumental setup and software are discussed, as well as
the statistical analysis. Thermal desorption and gas chromatography coupled
to time-of-flight mass spectrometry were used to analyze exhaled air samples.
The VOC profiles obtained from each individual were combined into one fi-
nal database based on similarity of mass spectra and retention indexes, which
offers the possibility for a reliable selection of compounds of interest. The
developed methodology was validated on a set of smokers and non-smokers.
Support vector machine analysis identified 4 VOCs as biomarkers of recent ex-
posure to cigarette smoke. Two of the selected VOCs were already mentioned
in literature as possibly smoking behavior related compounds confirming the
validity of the setup. After validation of the procedure a large study was setup
to identify VOCs in bacterial headspace discriminating between different micro
organisms. Chapter 3 discusses the setup and results from the micro organism
headspace analysis study. Different sets of VOCs were found enabling easy and
fast identification of the different cultures. Several selected VOCs were pre-
viously mentioned in literature regarding bacterial headspace. We were able
to identify a large number of compounds demonstrating a highly significant
difference in availability in bacterial cultures compared to medium and in cul-
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tures compared to one another. We have also determined highly significant
compounds differing between the four Escherichia coli strains and between
the two Staphylococcus aureus isolates: methicillin-resistant Staphylococcus au-
reus and methicillin-sensitive Staphylococcus aureus. SVM models were able to
classify the microorganisms with very high degrees of sensitivity and specificity
based on -on average- 6 VOCs from headspace. Chapter 4 describes the de-
veloped methodology and search for biomarkers regarding chronic obstructive
pulmonary disease (COPD). Fifty COPD patients en twenty-nine controls were
sampled and VOCs were analyzed by gas chromatography-mass spectrometry
to identify relevant VOCs. A classifier based on six VOCs correctly classified
92% of the subjects. Additionally several validation data sets were build and
performance of the classifier was evaluated. Chapter 5 investigates whether
analysis of VOCs from exhaled air could discriminate between subject suffer-
ing from cystic fibrosis and controls, and between cystic fibrosis patients with
and without Pseudomonas aeruginosa (P. aeruginosa) colonization. Statistical
analysis identified 10 VOCs that combined into a SVM model correctly clas-
sified 92% of samples. This new technique was not only able to discriminate
between cystic fibrosis patients and controls, but also between cystic fibrosis
patients with and without P. aeruginosa colonization. Chapter 6 emphasizes
on application of the developed methodological exhaled air analysis technique
on exacerbations in patients with cystic fibrosis. Prevention of exacerbations
in cystic fibrosis is important since these pulmonary exacerbations are an im-
portant cause for the hospitalization of patients, respiratory symptoms, and
decreases in lung function. In the described longitudinal study we studied
whether changes in VOC profiles can predict pulmonary exacerbations of cys-
tic fibrosis. Cystic fibrosis patients were sampled at 2-month intervals. Four
extra samples where collected in case of an exacerbation. It appeared that
18 VOCs were differentially present in exhaled breath from patients not hav-
ing an exacerbation versus patients suffering an exacerbation event, 15 VOCs
were differentially present in exhaled breath from the comparison of baseline
measurements to the first exacerbation measurement at the start of the exac-
erbation event. The study demonstrated that VOCs in exhaled breath are able
to indicate cystic fibrosis exacerbations weeks before these adverse events are
clinically manifest. Before these biomarkers can be of any clinical relevance
however, the different classifiers need to be validated on external validation
sets. Chapter 7 presents the general discussion pointing out a methodologi-
cal overview of the presented breath analysis technique and its shortcomings.
It discusses the general biomarker properties and projects these onto the ex-
haled air biomarkers. Additionally several issues regarding the analysis and
the biomarkers from exhaled air are described. Finally prospectives - regard-
ing COPD heterogeneity and CF exacerbations - and perspectives are presented
in short.
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Introductie

De door technische en wetenschappelijke vooruitgang gedreven optimalisatie
van analytische technieken heeft de laatste decennia geleid tot grote verbe-
teringen in de medische diagnostiek en de beschrijving van metabole path-
ways. Deze thesis beschrijft de ontwikkeling en validatie van een diagnostis-
che tool gebaseerd op de analyse van componenten aanwezig in de uitadem-
ingslucht. Uitademingslucht is een complex mengsel van onder andere stikstof,
zuurstof, koolstofdioxide en een groot aantal verschillende vluchtige organische
verbindingen (VOCs). De huidige diagnostiek op basis van uitademingslucht
is voornamelijk gebaseerd op aan- of afwezigheid van individuele componenten
al dan niet aanwezig in de uitademingslucht. De lage sensitiviteit en speci-
ficiteit echter van deze huidige methoden vormt een drempel voor grootschalige
toepassing van uitademingslucht analyses in de medische diagnostiek. Deze
thesis geeft een beschrijving van de ontwikkeling en validatie van een meer
nauwkeurige diagnostische tool op basis van uitademingslucht analyses. Er
wordt zowel aandacht besteedt aan de manier waarop monsters verzameld wor-
den en de chemische analyse alsmede de data-analyse en selectie van infor-
matieve vluchtige organische verbindingen.

Samenvatting

Hoofdstuk 2 beschrijft de ontwikkelde methodologie van analyse van uitadem-
ingslucht. Zowel de instrumentele setup als de software en toegepaste statistiek
worden uitgebreid behandeld. De analyse technieken zoals hier toegepast zijn
gebaseerd op thermische desorptie en gas chromatografische scheiding van de
aanwezige componenten. Uiteindelijke identificatie van de componenten werd
uitgevoerd met massa spectrometrie (MS) in de vorm van time-of-flight MS.
Na diverse data voorbewerkings stappen, als het verminderen van de ruis en
uitvoeren van piekdetectie, zijn de overeenkomstige componenten aanwezig in
de verschillende monsters vervolgens op basis van overeenkomst in rententietijd
en massaspectrum aan elkaar gekoppeld. Dit resulteert in een database waarin
alle in de uitademingslucht aanwezige componenten zijn opgenomen gekoppeld
aan de mate van aanwezigheid in ieder monster. De voorgestelde methodologie
is vervolgens getoetst op een populatie rokers/niet-rokers waarin informatieve
componenten zijn geselecteerd. Vervolgens zijn classificatie algoritmen gebruikt
om informatieve componenten te selecteren in de gegenereerde dataset. Het re-
sulterende classificatie model gebaseerd op slecht 4 componenten was is staat
om alle monsters correct te classificeren. De gëımplementeerde componenten
waren reeds in de literatuur gerelateerd aan rookgedrag. Nadat de methodolo-
gie op deze manier is gevalideerd is een studie gestart om de onderscheidende
VOCs van bacterie culturen te bepalen. Hoofdstuk 3 beschrijft deze studie,
waarbij de bovenstaande lucht van verschillende bacterie culturen in groei zijn
gemeten. Het grote aantal verschillende VOCs aanwezig in die culturen zijn vol-
gens de in hoofdstuk 2 uitgebreid beschreven protocol in een database onderge-
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bracht en met de diverse statistische tools geanalyseerd. Zowel supervised als
un-supervised learning algoritmen zijn toegepast om de data te verkennen. De
verschillende culturen hadden een groot aantal in hoeveelheid significant ver-
schillende componenten in de headspace aanwezig, wat differentiatie met SVM
modellen tussen de culturen mogelijk maakte op basis van slechts een beperkt
aantal componenten. Zelfs de 4 verschillende Escherichia coli stammen waren
op basis van componenten aanwezig in de headspace te onderscheiden eve-
nals de twee Staphylococcus aureus isolaten: methicilline-resistente Staphylo-
coccus aureus en de methicilline-sensitieve Staphylococcus aureus. Hoofdstuk
4 beschrijft toepassing van de ontwikkelde uitademingslucht-analyse method-
ologie op de inflammatoire luchtwegaandoening COPD. Uitademingslucht van
50 COPD patiënten en 29 niet-COPD personen werd verzameld en geanaly-
seerd. Een SVM classificatie model gebaseerd op slechts 6 componenten uit
de uitademingslucht classificeerde 92 % van de monsters correct. Diverse val-
idatie sets zijn vervolgens samengesteld, bestaande uit steroid-naive COPD
patiënten om de invloed van medicatie te bestuderen en een externe validatie
set bestaande uit monsters verkregen op andere locaties dan het Academisch
Ziekenhuis Maastricht om de invloed van omgevingslucht nader te bestuderen.
Classificatie van monsters in deze validatiesets resulteerde eveneens in een cor-
recte classificatie van 92 %. De toepassing van de ontwikkelde methodologie
in een klinische setting werd in Hoofdstuk 5 voortgezet. Hier wordt gekeken
naar de mogelijkheid patiënten met cystic fibrosis te onderscheiden van controle
personen op basis van VOCs in de uitademingslucht. Statistische analyse re-
sulteerde in een classificatie model gebaseerd op 10 VOCs in staat om 92% van
de monsters correct te classificeren. Het bleek eveneens mogelijk om patiënten
met en zonder Pseudomonas aeruginosa infectie te onderscheiden. In Hoofd-
stuk 6 is gekeken naar de mogelijkheid om exacerbaties in patiënten met cys-
tic fibrosis te voorspellen en te monitoren op basis van componenten aanwezig
in de uitademingslucht. Het voorspellen en door tijdig handelen voorkomen
of verminderen van exacerbaties is van groot belang omdat exacerbaties een
belangrijke oorzaak vormen voor afname van longfunctie en kan leiden tot
hospitalisatie van patiënten. Patiënten zijn met intervallen van 2 maanden
bemonsterd en tijdens een exacerbatie werden 4 extra monsters afgenomen.
Statistische analyse wees uit dat 18 componenten in significant verschillende
hoeveelheden aanwezig waren in uitademingslucht van patiënten die 3 tot 8
weken na de meting een exacerbatie doormaakten uitgezet tegen patiënten
die geen exacerbatie doormaakten. Vijftien componenten waren in significant
verschillende hoeveelheden aanwezig in uitademingslucht van patiënten vóór
vergeleken met tijdens een exacerbatie. Daarnaast zijn met SVM analyse de
meest informatieve componenten geselecteerd welke gecombineerd in en clas-
sificatie model 93% van de exacerbatie monsters correct konden classificeren.
De studie toont aan dat markers in uitademingslucht het mogelijk maken om
exacerbaties bij patiënten met cystic fibrosis weken voor de daadwerkelijk exac-
erbatie te voorspellen. Er dient echter rekening mee gehouden te worden dat de
totale paẗıentenpopulatie beperkt was en validatie van de resultaten noodzake-
lijk zal zijn. Bijvoorbeeld door de modellen en componenten te toetsen in een
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grotere validatie studie. Ten slotte geeft Hoofdstuk 7 een beschrijving van de
algemene discussie waarbij de nadruk ligt op de gekozen randvoorwaarden van
de beschreven methodologie gebaseerd op analyse van uitademingslucht en de
huidige tekortkomingen van deze methodologie.
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