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CHAPTER 1 

Introduction 
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EXHALED BREATH ANALYSIS 

 

Smelling breath to diagnose diseases dates back to the ancient medicine. Past physicians knew 

that several diseases alter the odour of a patient’s breath, for example diabetes, liver diseases 

and kidney diseases. Exhaled odour was attributed diagnostic value, but this practice has been 

abandoned today because of the introduction of modern diagnostic technologies.  

During the 1970’s Pauling et al. detected more than 200 components in human breath by gas 

chromatography [1]. Nowadays it is well-known that human exhaled breath contains over 

3000 volatile organic compounds (VOCs) in gas phase, which can be detected by gas 

chromatography and mass spectrometry (GC-MS) [1,2]. These include for example alkanes, 

aromatic compounds, benzene derivatives, acetone, dimethyl sulphide, phenol and many 

others. These VOCs are produced during all metabolic processes, as well as during disease 

processes in the airways or elsewhere in the body. It has been shown that VOCs analysis may 

potentially be used for a non-invasive marker of lung cancer [3-6] and lung inflammatory 

diseases such as asthma [7-8], cystic fibrosis [9] and COPD [10].  

GC-MS is considered to be the gold-standard test for exhaled breath analysis, because it allows 

large spectrum specific identification of VOCs, aiding to find new pathophysiological 

pathways. However, GC-MS usage in medical applications has been limited by a list of 

technical needs making this approach not optimal for volatiles profiling in breath oriented to 

diagnostic activities. Therefore, the worldwide demand for intelligent, fast and inexpensive 

measurement systems for clinical diagnosis is increasing.  
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ELECTRONIC NOSE TECHNOLOGY 

 

A major challenge for modern medicine is to achieve effective disease diagnoses through early 

detection of pathophysiological or disease conditions to allow quick corrective or curative 

treatments, but at the same time limiting the invasiveness and costs of diagnostic treatments.  

Human biology is highly complex and diagnostic devices have primarily the task of capturing 

(bio)markers that relate to the individual health-state and to translate those into analytically 

useful signals able to support a particular diagnosis and/or to suggest further more directed 

examinations. This requires a chain of instrumental elements (sensors, analytical algorithm) 

that are determining the instrument’s diagnostic performance. Hence performance indicators 

include: selectivity for single or multiple components, instrumental sensitivity (limits of 

detection and quantification), dose-response relationships and eventually positive and 

negative predictive values for disease. 

With regard to the analysis of complex gases, technological developments during the past 

decades have provided chemical sensing and identification devices that are capturing 

signatures of VOC mixtures. These are called “electronic noses” (see Fig.1). Rather than 

identifying individual molecular constituents of VOC mixtures, electronic noses provide a so-

called ‘smell print’ which in relation to exhaled air is referred to as ‘breath print’ (see Fig.2). 

Herewith electronic noses are mimicking mammalian olfactory system for smells [11].  

The concept of electronic noses is very challenging to engineers involved in building better, 

cheaper and smaller sensor devices. A better understanding of the reception, signal 

transduction and odour recognition mechanisms for mammals (awarded by the Nobel Prize in 

2004) [12] combined with achievements in material science, microelectronics and computer 

science has led to significant advances in this area. Most of the existing electronic noses are 
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based on chemical gas sensors, although recently innovative working principles have been 

exploited in the attempt to reproduce the functioning of the bio-olfactive receptors [13]. 

In the past years, electronic nose technology has been tested in every conceivable field dealing 

with odours and/or odourless volatiles and gases, in particular in food and beverage industry, 

environmental monitoring, military purposes and very recently for diagnosis diseases [13,14] 

After the introduction of electronic noses in the biomedical setting, VOCs pattern analysis of 

the exhaled breath has become a feasible option, due to the ability to perform on-board, 

mostly real-time analysis and discrimination of “breathprints” as derived from the composite 

nano-sensors arrays of electronic noses. This can be obtained by pattern recognition without 

providing information of the individual molecular components [13,14]. Such high-throughput 

analysis essentially represents an ‘omics’ approach, similar to genomics, transcriptomics and 

metabolomics [15]. 

To date, electronic nose technology has been applied in several medical fields, including the 

detection of ear, nose and throat infections, cerebrospinal fluid leak, venous leg ulcer 

infections, urinary tract infections, renal dysfunction, bacterial vaginosis, transplant rejection 

and diabetes mellitus [14,16,17]. In respiratory medicine electronic noses have been used in 

the detection of asthma [7,18] , COPD [18], pulmonary sarcoidosis [19] , and in the detection of 

Mycobacterium Tuberculosis infections [20] and ventilator-associated pneumonia [21] In 

addition, a number of studies with different electronic nose technologies suggest that exhaled 

breath profiling may be applicable in the diagnosis of lung cancer [22-26], as well as in pleural 

malignant mesothelioma [27,28].  

The above proof studies (to which the chapters in this thesis have contributed) have shown 

promising results in the detection of several respiratory diseases, indicating that - if 

adequately validated - electronic nose technology can have the potential to become a 

convenient device in the doctor’s office because of its cheapness, non-invasiveness, 
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portability, virtually real-time analysis and ease to use (see Fig.3 and 4). Then electronic nose 

technology may be used as diagnostic tool for selecting patients for additional diagnostic 

procedures, as a screening tool for excluding disease in patients at risk, for patient 

subphenotyping and for monitoring patients to optimize disease management.  

 

 

Figure 1. One of the commercially available electronic noses 
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Figure 2. The combination of the signal from all sensors generates the so-called “breathprint” 

 

 

 

Figure 3. An example of setup for exhaled breath collection 
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Figure 4. Exhaled breath collection 

 

 

AIMS AND OUTLINE OF THIS THESIS 

 

The present thesis was built on 5 studies aimed to test the capacity of electronic noses to 

discriminate well-characterized patients with airway or parenchymal diseases from controls. 

This can be considered as the very first step in assessing the diagnostic accuracy of electronic 

noses in respiratory medicine [29].  
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1. In chapter 2 we aimed to assess whether an electronic nose could discriminate exhaled 

breath of patients with asthma from healthy controls. 

2.  In chapter 3 we aimed to investigate whether an electronic nose could distinguish the 

VOCs pattern in exhaled breath between patients with lung cancer and individuals with 

COPD. 

3. In chapter 4 we aimed to examine the ability of an electronic nose in classifying 

exhaled breath of patients with malignant pleural mesothelioma from healthy controls 

and from subjects without mesothelioma but with a similar professional asbestos 

exposure. 

4. In chapter 5 we aimed to extend the findings from chapter 4 by using GC-MS analysis in 

order to identify individual molecular VOCs capable of discriminating among the three 

groups. 

5. In chapter 6 we aimed to explore the diagnostic accuracy of electronic noses for 

pulmonary sarcoidosis. 

6. In chapter 7 we summarize all findings and discuss the implications for further 

implementation. 
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CHAPTER 2 

An electronic nose in the discrimination of patients with 

asthma and controls 

 

 

Silvano Dragonieri, Robert Schot, Bart J. A. Mertens, Saskia Le Cessie, Stefanie A. Gauw, 

Antonio Spanevello, Onofrio Resta, Nico P. Willard, Teunis J. Vink, Klaus F. Rabe,  

Elisabeth H. Bel, and Peter J. Sterk  

 

(J Allergy Clin Immunol 2007;120:856-62.) 



 19

 

ABSTRACT 

 

Background: Exhaled breath contains thousands of volatile organic compounds (VOCs) that 

could serve as biomarkers of lung disease. Electronic noses can distinguish VOC mixtures by 

pattern recognition. 

Objective: We hypothesized that an electronic nose can discriminate exhaled air of patients 

with asthma from healthy controls, and between patients with different disease severities. 

Methods: Ten young patients with mild asthma (25.1 ± 5.9 years; FEV1, 99.9 ± 7.7% 

predicted), 10 young controls (26.8 ± 6.4 years; FEV1, 101.9 ± 10.3), 10 older patients with 

severe asthma (49.5 ± 12.0 years; FEV1, 62.3 ± 23.6), and 10 older controls (57.3 ± 7.1 years; 

FEV1, 108.3 ± 14.7) joined a cross- sectional study with duplicate sampling of exhaled breath 

with an interval of 2 to 5 minutes. Subjects inspired VOC-filtered air by tidal breathing for 5 

minutes, and a single expiratory vital capacity was collected into a Tedlar bag that was 

sampled by electronic nose (Cyranose 320) within 10 minutes. Smellprints were analyzed by 

linear discriminant analysis on principal component reduction. Cross-validation values 

(CVVs) were calculated. 

Results: Smellprints of patients with mild asthma were fully separated from young controls 

(CVV, 100%; Mahalanobis distance [M-distance], 5.32), and patients with severe asthma could 

be distinguished from old controls (CVV, 90%; M-distance, 2.77). Patients with mild and 

severe asthma could be less well discriminated (CVV, 65%; M-distance, 1.23), whereas the 2 

control groups were indistinguishable (CVV, 50%; M-distance, 1.56). The duplicate samples 

replicated these results. 

Conclusion: An electronic nose can discriminate exhaled breath of patients with asthma from 

controls but is less accurate in distinguishing asthma severities. 
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Clinical implication: These findings warrant validation of electronic noses in diagnosing newly 

presented patients with asthma.  
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INTRODUCTION 

 

In today’s clinical practice, asthma is diagnosed and monitored by symptoms and 

physiological measurements, including lung function tests and the assessment of responses to 

inhaled pharmacological agents [1]. These tests have been internationally standardized and 

are generally considered to be reliable. However, they are rather complex, time-consuming, 

and not widely applicable, which has limited the implementation of the required techniques at 

all necessary levels of medical care [1]. Therefore, there is a need for new diagnostic methods 

in asthma that are simple, fast, accurate, and cost-effective. During the past decade, cellular 

and molecular techniques have been added as novel options for diagnosis and monitoring in 

asthma. This includes eosinophil counts in induced sputum [2] and nitric oxide in exhaled air 

[3]. These approaches have been validated, but only the latter seems to have a realistic 

potential of widespread application in clinical research and practice on the basis of its 

simplicity [4]. Nitric oxide may not be the only diagnostically relevant molecule in exhaled 

breath. It is well known that exhaled human breath contains thousands of volatile organic 

compounds (VOCs) in gas phase, which can individually be detected by gas chromatography 

and mass spectrometry (GC-MS) [5,6]. These include mixtures of, for example, hydrocarbons, 

such as formaldehyde, methanol, ethanol, hydrogen sulfide, benzene, acetaldehyde, propanal, 

acetone, dimethyl sulfide, isoprene, toluene, phenol, xylene [6], and many others. Such VOCs 

can potentially be used as noninvasive biomarkers of various biochemical pathways that are 

operative in health and disease. Interestingly, it has been demonstrated that there is a link 

between exhaled VOCs and human lung disease, in particular regarding lung cancer [7,8]. 

However, the requirement of GC-MS has thus far limited the medical applications of this 

approach. 
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Electronic noses represent an innovative method of VOCs sampling because these devices 

allow online recognition of complex VOCs mixtures by composite nanosensor arrays in 

combination with learning algorithms [9]. Each sensor represents different fractions of the 

VOC mixture, and the arrays exhibit good discrimination performance along with high 

sensitivity, short response time, and reversible behavior [9]. Hence, electronic noses use an 

essentially different concept from GC-MS. They principally follow an empirical approach, 

allowing the distinction of ‘‘smell-prints’’ obtained from various gaseous sources by pattern 

recognition, providing discrimination of gas mixtures irrespective of the individual molecular 

components [10]. The first proof of concept studies of electronic noses in respiratory 

medicine have provided high accuracy in the ex vivo classification of bacterial infection [11-

13] and promising discrimination of exhaled breath obtained from patients with lung cancer 

and controls [14]. 

In the current study, we postulated that an electronic nose can discriminate exhaled breath of 

patients with asthma from healthy controls. Our aim was to test this hypothesis by a cross-

sectional study comparing patients with an established diagnosis of asthma with healthy 

controls. As a secondary aim, we examined whether an electronic nose can distinguish 

different degrees of asthma severity, and whether these classifications are reproducible when 

performing repeated measurements. 

 

 

METHODS  

 

Subjects 

A total number of 40 subjects volunteered to participate to this study. All the subjects were 

nonsmoking adults (18-75 years) without any other acute or chronic disease than asthma. 
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The study population included 4 groups of subjects based on current standard diagnostic 

procedures [1]: patients with intermittent-mild asthma and patients with moderate-severe 

persistent asthma, each with their own healthy control group. Patients were recruited among 

those visiting the outpatient clinic of the Leiden University Medical Center, whereas controls 

were recruited by advertisements in the hospital, the university, and public newspapers. 

Patients on medications other than short-acting or long-acting b2-agonists and/or inhaled 

steroids or those who had a history of upper or lower respiratory tract infection during the 4 

weeks before to the measurements were excluded from the study. 

The mild asthma group was composed of 10 patients with episodic chest symptoms, 

prebronchodilator FEV1 >80% predicted,documented reversibility in FEV1 by 400 mg inhaled 

salbutamol >12% predicted or airway hyperresponsiveness (PC20 methacholine < 8 

mg/mL),15 atopy by positive skin prick tests (SPTs) in response to common airborne allergen 

or by RAST, treatment by as necessary use of inhaled short-acting b2-agonists only, no use of 

inhaled corticosteroids for 3 months before the study, and no exacerbations (requiring oral 

steroid therapy) during the past 12 months. 

The severe asthma group consisted of 10 patients who had episodic or chronic chest 

symptoms, documented reversibility for FEV1 >12% predicted or PC20 methacholine (<8 

mg/mL), 15 positive SPTs or positive RAST test, need of high doses of inhaled corticosteroids 

(≥1000 mg/d beclomethasone or equivalent) and long-acting b2-agonists for more than 12 

months, and at least 1 asthma exacerbation requiring oral steroid therapy during the past 12 

months. 

The 2 control groups also had 10 subjects each with a negative history of chest symptoms, 

prebronchodilator FEV1 >80% predicted, and FEV1/forced vital capacity (FVC) >70%, 

absence of atopy by negative SPTs or RASTs, and absence of airway hyperresponsiveness 

(PC20 methacholine > 8 mg/mL). The 2 control groups differed with respect to age (18-45 
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years and 46-70 years, respectively) to be compatible with the different age ranges that were 

observed in the 2 asthma groups of the study. 

The study was approved by the Leiden University Medical Center Ethics Committee, and all 

the subjects gave their written informed consent. 

 

Study design 

The study had a cross-sectional case-control design with 2 visits within a 10-day period. The 

first day was a screening day to check all the inclusion and exclusion criteria. On the second 

day, exhaled breath was collected in duplicate and sampled by the electronic nose. 

 

Lung function 

Spirometry (Masterlab Jaeger, Hoechberg, Germany) was performed by a trained lung 

function technician according to the latest recommendations,16 and the FEV1 and FVC were 

measured before and 20 minutes after 400 mg inhaled salbutamol per metered dose inhaler 

with a spacer (Volumatic, GSK, Brentford, United Kingdom [UK]). Airway 

hyperresponsiveness was assessed by methacholine challenge tests performed by the tidal 

breathing method, using doubling inhaled doses (0.6-80 mmol/mL) at 5-minute intervals, 

until the PC20 was reached. 15 Patients withheld short-acting b2 agonists for >8 hours and 

long-acting b2 agonists for >12 hours before all lung function measurements. 

 

 

SPT 

Skin prick tests were performed by using a standardized set of 12 common airborne allergen 

extracts (ALK-Abello ́, Hørsholm, Denmark). Atopy was indicated by positivity (>3 mm wheal) 

to 1 or more allergens or by positive RAST. 
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Exhaled breath collection 

The patients breathed through a mouthpiece with the nose clipped into a 2-way 

nonrebreathing valve (Hans Rudolph 2700, Hans Rudolph, Kansas City, Mo) with an 

inspiratory VOC filter (A2, North Safety, Middelburg, NL) and an expiratory silica reservoir to 

dry the expired air. The breathing maneuvers were based on validation experiments in our 

laboratory. After 5 minutes of equilibration by tidal breathing with VOC-filtered air, the 

expiratory port was connected to a 10-L Tedlar bag. The subject then performed an 

inspiratory capacity maneuver and exhaled the full expiratory vital capacity into the bag with 

an expiratory resistance of 20 cmH2O to close the soft palatum and to obtain an expiratory 

flow of 0.1 to 0.2 L/s. Within 10 minutes, the bag was connected to the electronic nose, 

followed by 1 minute of bag sampling in parallel with a second Tedlar bag containing 

background VOC-filtered room air. All subjects performed these maneuvers in duplicate by 

repeating the same procedure after 2 to 5 minutes of resting. 

 

Electronic nose 

Exhaled breath samples were analyzed by a commercially available handheld electronic nose 

(Cyranose 320; Smith Detections, Pasadena, California) with a nanocomposite array of 32 

organic polymer sensors [9]. When the sensors are exposed to a mixture of VOCs the 

polymers are swelling, which induces a change in their electrical resistance. The raw data are 

captured as the changes in resistance of each of the 32 sensors in an onboard database, 

producing a distribution (smellprint; Fig 1) that describes the VOC mixture and that can be 

used for pattern-recognition algorithms. 

Exploration of specific VOCs in exhaled breath was performed by sampling 1 L gas from the 

Tedlar bag through an adsorption tube filled with Tenax GR (Scientific Instruments Services, 
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Ringoes, NJ). After sampling, the analytes were collected in a cryo-trap for refocusing and 

subsequently injected into a gas chromatography column (HP 5890 series II, Hewlett Packard, 

Palo Alto, Calif) and identified by mass spectrometry (HP 5972 MSD, Hewlett Packard), using 

a calibration mixture to check average sensitivity. 

 

 

Fig 1. Example of pattern of relative differential electrical resistance (DR/R) of an array of 32 polymer 

sensors of the electronic nose, which represents the smellprint of a VOC mixture in exhaled breath of a 

single volunteer with asthma. 

 

 

Breathing maneuvers 

Exhaled breath was collected by an expiratory vital capacity maneuver after 5 minutes of tidal 

breathing with VOC-filtered room air. We validated the breathing maneuvers by 3 preliminary 

experiments to examine the effects of (1) inspiring VOC-filtered air, (2) expiratory lung 
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volume, and (3) expiratory flow. First, we examined whether previous steady-state washing of 

VOC-filtered air is required, or whether a single inspiration with VOC-filtered air suffices 

preceding the collection of exhaled breath. Ten nonsmoking healthy subjects (mean 6 SD age, 

35.2 ± 10.1 years) performed 2 maneuvers in random order with a 30-minute interval: 

equilibration with inspiratory VOC-filtered air by 5 minutes of tidal breathing or by 1 single 

inspiratory VC. The results were analyzed by principal component analysis (PCA) and 

canonical discriminant analysis. The smellprints obtained by the single inspiratory VC 

clustered distinctly from those after 5 minutes of washin (cross-validation value, 95%; 

Mahalanobis distance [M-distance], 4.24), indicating that a single inspiration of VOC-free air is 

not sufficient to equilibrate the exhaled breath VOCs. This led us to choosing the 5-minute 

tidal washin method. Second, we investigated whether collecting an expiratory VC and 

expiratory tidal breaths provided the same smellprints. This was also addressed in 10 

nonsmoking healthy subjects (age, 39.6 ± 11.7 years) for whom a single expiratory VC and 1-

minute tidal breaths were collected in random order with a 30-minute interval. The PCA data 

showed that tidal breath samples could be discriminated from expiratory VC samples (cross-

validation, 85%; M-distance, 2.51). We chose to use the single expiratory VC sampling on the 

basis of the relatively smaller contribution of the anatomical dead space. Third, we examined 

the possible influence of expiratory flow during expiratory VC sampling in 10 nonsmoking 

healthy subjects (age, 29.4 ± 7.5 years) by using 0.1 to 0.2 L/s and 0.3 to 0.5 L/s in a random 

order with a 30-minute interval. The smellprints could not be discriminated well (cross-

validation value, 65%; M-distance, 1.17), suggesting a limited influence of expiratory flow 

within this flow range. For our studies, we chose to standardize flow at 0.1 to 0.2 L/s. 
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Data analysis 

First, the smellprints were analyzed online by the on-board learning software of the Cyranose 

320. Subsequently, an offline confirmatory analysis was performed by double cross-validatory 

implementation of linear discriminant analysis on principal component reduction using 

Matlab software (version 7; MathWorks Benelux, Gouda, NL) as previously described [17]. 

The data were processed through Savitzky-Golay filtering and baseline correction [18]. Then 

they were analyzed by PCA to reduce the data from 32 individual sensors to a set of principal 

components aimed to finding the factors capturing the largest variance in the dataset [19]. 

PCA was used as an exploratory analysis and was plotted in 2-dimensional or pseudo– 3-

dimensional graphs to visualize between-group separations. Once the PCA factors had been 

calculated, these factors were used to perform a linear canonical discriminant analysis for the 

construction of a pattern recognition algorithm by maximizing the ratio of pooled within-class 

scatter to between-group distance. The online software calculated a cross-validation estimate 

of error: the cross-validation value (CVV) [20]. M-distance was used to quantify the 

discrimination between 2 sample groups [19]. The M-distance provides the nonsimilarity of a 

set of values derived from 2 samples. It takes the sample variability into account and reflects 

the distance between group means in units of standard deviations. The M-distance value and 

the ability to discriminate are directly related, so that M-distance values >3 are indicative of 

high probability of discrimination (P < .01). 

 

RESULTS 

 

The subject characteristics of the 4 groups are described in Table I. Patients with severe 

asthma were older than patients with mild asthma (P < .01), which was the reason for using 2 
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control groups with ages below and above 45 years, respectively. Two samples of exhaled air 

could be obtained in all subjects. 

First, we examined whether exhaled breath from patients with asthma could be discriminated 

from controls. The plots of the online PCA of the smellprints obtained from the first bags in 

the patients and controls are shown in Fig 2. Smellprints of patients with mild asthma were 

separated from those of the young controls (Fig 2, upper left). Subsequent canonical 

discriminant analysis demonstrated a cross-validation of 100% correct with a M-distance of 

5.32. Similarly, smellprints from severe asthmatics could be distinguished from those of old 

controls (Fig 2, upper right). The cross-validation value was 90% correct with a M-distance of 

2.77. 

However, discriminant analysis could discriminate less well smellprints from patients with 

mild and severe asthma (Fig 2, lower left). This led to a cross-validation value of 65% correct 

and a M-distance of 1.23. There was no difference in smellprints between the 2 control groups 

(Fig 2, lower right), with a cross-validation value of 50% and a M-distance of 1.56. 

Analysis of exhaled air from the second bags replicated these results (patients with mild 

asthma vs young controls: CVV, 100%; M-distance, 4.86; patients with severe asthma vs old 

controls: CVV, 95%; M-distance, 5.72; patients with mild asthma vs patients with severe 

asthma: CVV, 60%; M-distance, 1.87; old controls vs young controls: CVV, 60%; M-distance, 

1.20). 

The offline discriminant analysis on PCA reduction using double cross-validation confirmed 

the onboard discrimination between the groups (data not shown). 

Explorative GC-MS analysis showed that the predominant VOCs (>15 ng/L) in asthma were 4-

methyloctane, 2,4-dimethylheptane, isopropanol, toluene, isoprene, alkane, acetic acid, 

acetone, 2,6,11-trimethyl dodecane, 3,7-dimethyl undecane, and 2,3-dimethyl heptane. 
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Table 1- Clinical characteristics of the study population. 

 

  

Mild 

Asthma 

Severe 

Asthma 

Younger 

Controls 

Older 

Controls 

No. Patients 10 10 10 10 

Age, yr 25.1± 5.9  49.5±12.0  26.8± 6.4 57.3±7.1 

Sex, M\F 1\9 8\2 2\8 4\6 

FEV1 prebronchodilator, % pred 99.9±7.7 62.3±23.6 101.9±10.3 108.3±14.7 

FEV1 postbronchodilator, % pred 111.9±9.2 74.3±21.8 n.d. n.d. 

FVC, % pred 109±8.1 80.9±17.3 101.9±7.2 102.6±17.4 

 

Values are expressed as mean±SD 

n.d.= not determined 
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Figure 2. Two-dimensional PCA plots with 2 composite factors (factors 1 and 2) maximizing the 

discrimination of smellprints between patients with mild asthma (diamonds) from their controls 

(squares, upper left), patients with severe asthma (triangles) from their controls (bullets, upper right), 

patients with mild asthma (diamonds) from patients with severe asthma (triangles, lower left), and 

young controls (squares) from older controls (bullets, lower right). 
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DISCUSSION 

 

Our study shows that an electronic nose can discriminate exhaled breath of patients with 

asthma from healthy controls. This distinction was replicated when analyzing exhaled air 

from repeated samples. However, the electronic nose could not adequately discriminate mild 

from severe asthma. These findings indicate that the mixture of exhaled volatile organic 

compounds is different in asthma compared with controls. Our findings warrant further 

validation of electronic noses regarding their ability to correctly identify newly presented 

patients with asthma. 

To our knowledge, this is the first study using pattern analysis of exhaled VOC mixtures by an 

electronic nose in the field of asthma. Interestingly, we observed a complete separation of 

smellprints between patients with mild asthma and healthy controls as well as between 

patients with severe asthma and controls. This was confirmed when using duplicate 

measurements. To date, electronic noses have been used in a variety of medical fields, 

including the detection of sinusitis, cerebrospinal fluid leak, urinary tract infections, bacterial 

vaginosis, and diabetes mellitus [10]. The application of electronic noses in respiratory 

medicine showed moderate sensitivity but high specificity in the detection of lung cancer 

from exhaled breath [14] and high accuracy in the in vitro diagnosis of Mycobacterium 

tuberculosis infections [13]. Recent studies further suggest that an electronic nose may be 

applicable in the diagnosis of ventilator-associated pneumonia [21,22]. Therefore, the VOCs 

present in the exhaled breath may become a powerful source of biomarkers for the diagnosis 

of respiratory diseases, including asthma. 

In our study, particular attention was paid to methodologic aspects such as the selection of 

patients and controls. All the patients were well characterized by using subjective and 

objective criteria of the presence and severity of atopic asthma [1]. This included the pres- 
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ence of symptoms, reversible airways obstruction or airways hyperresponsiveness to 

methacholine, and positive SPTs. The controls of the 2 asthma groups were carefully screened 

to exclude all these features. The downside of this strict selection is that we cannot deduce the 

separate contributions of atopy, lung function, and hyperresponsiveness to the current 

discrimination. This requires studies focused on subphenotyping. Smokers and exsmokers 

were excluded because tobacco smoking may well change the exhaled VOCs profile. However, 

we had an imbalance in sex between the asthma groups and cannot exclude that this affected 

the exhaled breath molecular profiles. Furthermore, patients with mild and severe asthma 

were selected on the basis of their medication usage. The mild asthma group was free of 

steroids, whereas the severe asthma group was taking inhaled corticosteroids and long-acting 

bronchodilators. We cannot exclude that this (inevitable) difference in drug regimen affected 

the VOCs profiles. However, the electronic nose was not able to make a clear distinction 

between mild and severe asthma. This may suggest that drug usage is not a major 

determinant of exhaled breath smellprints. 

By using sample sizes of 10 subjects per group, the electronic nose was able to make a full 

separation between patients with asthma and controls (Fig 2). However, our results suggest 

that higher sample sizes may be required to obtain optimal training sets for electronic noses 

in patients with various severities of asthma. Finally, it seems unlikely that the current 

findings can be explained by accident or by error, because the duplicate samples led to the 

closely similar results. Moreover, offline statistics [17] confirmed the onboard analysis of the 

smellprints. 

The sampling technique and breathing maneuvers were optimized by pilot experiments. The 

measurements were made in the same room with fixed temperature and humidity. We dried 

the exhaled breath through a silica filter to limit the influence of variable humidity on the 

sensor signals. In addition, we made an attempt to avoid any acute effects by food, coffee, or 
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other drinks by not allowing those during the 2 hours before the test. Finally, our pilot 

experiments showed that the conditioning of inspiratory air and the expiratory breathing 

maneuver both influence the VOC pattern. The 5-minute steady-state washin with VOC-free 

air was based on recommendations for helium washin during lung volume measurements. It 

cannot be excluded that this needs to be prolonged in patients with severe airways 

obstruction. Our experiments indicate that careful methodological standardization is required 

for exhaled breath analysis by electronic nose. 

How can the present findings be interpreted? GC-MS analysis has shown that human exhaled 

breath contains more than 3000 different VOCs [5,6]. When using an inspiratory VOC filter, 

the detected VOCs are most likely derived from physiologic and pathophysiologic metabolic 

pathways [5,6]. These can arise from the airways and the lungs or can represent systemic 

metabolites from elsewhere in the body. Interestingly, before the application of electronic 

noses, GC-MS analysis had already demonstrated changes in specific VOCs in exhaled breath 

from patients with lung cancer that are compatible with increased production of reactive 

oxygen species and enhanced alkane metabolism by cytochrome P450 [23]. Chronic airways 

inflammation in asthma may change several metabolic pathways that affect molecular 

markers in exhaled breath [24] For instance, asthma is associated with elevated levels of 

pentane [25] in exhaled air, and with increased concentrations of markers of oxidative stress 

[26] and eicosanoids in exhaled breath condensate [27]. It remains to be established whether 

such markers are associated with airways inflammation and airway remodeling in asthma 

[28,29] which indeed has been reported recently [27]. 

It needs to be emphasized that our study does not reveal which specific VOCs are responsible 

for the discrimination of exhaled breath between patients with asthma and controls. Our 

explorative GC-MS analysis showed the presence of similar VOCs in asthma compared with 

normal subjects [6] or patients with lung cancer [14]. However, the determination of the 
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specific, discriminative VOC concentrations between these diseases will require subsequent 

studies. The electronic nose that we used detects VOC mixtures with a polymer 

nanocomposite sensor array [9]. Each sensor signal represents partly different fractions of the 

complete VOC mixture on the basis of, for example, molecular mass, shape, dipole moment, 

and hydrogen binding capacity [14]. Therefore, unlike GC-MS, an electronic nose principally 

does not chemically identify and separate VOCs [9,30] Hence, the high relatively differential 

resistance in sensor 9 (Fig 1) represents a mixture of VOCs. Whether it contributes to the 

discrimination between patient groups depends on any differences in this signal between the 

groups and its subsequent selection by the PCA. Therefore, pattern recognition of smellprints 

by electronic noses is purely based on a statistical approach, providing empirical evidence. 

Such procedure is hypothesis-free and potentially powerful. It resembles other high-

throughput methods that are based on the analysis of molecular profiles of complex biological 

samples by a single measurement (omics techniques) [31]. Interestingly, the principle of 

electronic noses exactly mirrors biological olfaction in mammals, in which multisensitive 

olfactory receptor cells appear to be coupled to pattern recognition systems in the brain, 

leading to unique odors [32]. Hence, our current observations by using an electronic nose 

system can be considered complementary to GC- MS analysis and warrant further studies by 

GC-MS to identify the critical VOCs. 

What are the clinical implications of our findings? The electronic nose appears to be able to 

discriminate exhaled breath from well characterized subjects with and without asthma. Such 

discrimination of established cases and controls represents the first step in the cross-sectional 

validation of diagnostic tests [33]. Our data warrant an external validation of the electronic 

nose by testing its diagnostic accuracy in a sample of newly presented patients with various 

severities and subcategories of asthma. Such study should be performed according to 

international recommendations [34]. If successful, electronic noses have the potential to 
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become convenient devices for physicians and nurses for handheld, noninvasive, and rapid 

diagnosis of asthma. In addition, validation of electronic noses in other respiratory diseases, 

such as chronic obstructive pulmonary disease or lung cancer, seems to be mandatory [14,35]. 
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ABSTRACT 

 

Background: Exhaled breath contains thousands of gaseous volatile organic compounds 

(VOCs) that may be used as non-invasive markers of lung disease. The electronic nose 

analyzes VOCs by composite nano- sensor arrays with learning algorithms. It has been shown 

that an electronic nose can distinguish the VOCs pattern in exhaled breath of lung cancer 

patients from healthy controls. We hypothesized that an electronic nose can discriminate 

patients with lung cancer from COPD patients and healthy controls by analyzing the VOC-

profile in exhaled breath. 

Methods: 30 subjects participated in a cross-sectional study: 10 patients with non-small cell 

lung cancer (NSCLC, [age 66.4 ± 9.0, FEV1 86.3 ± 20.7]), 10 patients with COPD (age 61.4 ± 5.5, 

FEV1 70.0 ± 14.8) and 10 healthy controls (age 58.3 ± 8.1, FEV1 108.9 ± 14.6). After 5 min 

tidal breathing through a non-rebreathing valve with inspiratory VOC-filter, subjects 

performed a single vital capacity maneuver to collect dried exhaled air into a Tedlar bag. The 

bag was connected to the electronic nose (Cyranose 320) within 10 min, with VOC-filtered 

room air as baseline. The smellprints were analyzed by onboard statistical software. Results: 

Smellprints from NSCLC patients clustered distinctly from those of COPD subjects (cross 

validation value [CVV]: 85%; M-distance: 3.73). NSCLC patients could also be discriminated 

from healthy controls in duplicate measurements (CVV: 90% and 80%, respectively; M-

distance: 2.96 and 2.26). 

Conclusion: VOC-patterns of exhaled breath discriminates patients with lung cancer from 

COPD patients as well as healthy controls. The electronic nose may qualify as a non-invasive 

diagnostic tool for lung cancer in the future. 
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INTRODUCTION 

 

During the last few years the analysis of exhaled breath has been proposed as a novel option 

for an early detection of lung cancer. Exhaled breath contains a complex mixture of several 

hundreds of volatile organic compounds (VOCs) [1]. This could be established by gas 

chromatography [1] and mass spectrometry [2] (GC–MS). It has been shown that VOCs 

analysis may be used as a non-invasive marker of lung cancer [3,4]. However, the requirement 

of off-line GC–MS analysis limited the further development of this diagnostic potential. 

After the introduction of electronic noses, the sampling of exhaled breath and its VOC-pattern 

has become readily available, due to their ability to allow on-board analysis and 

discrimination of “smellprints” by composite nano-sensors arrays (“breatheomics”). This is 

based on pattern recognition without analyzing the individual molecular components [5], 

which potentially suffices for diagnostic objectives. 

Recently, the first studies by a sensor array in detecting lung cancer have demonstrated 

promising diagnostic accuracy [6–9]. Therefore, the question arises whether the electronic 

nose will qualify as a non-invasive diagnostic method for the detection or exclusion of patients 

with lung cancer. 

To date, it is unknown whether concurrent chronic obstructive pulmonary disease (COPD), 

which is often associated with the development of the neoplasm [10], can be responsible for 

the separate pattern of VOCs in patients with lung cancer. In this study we hypothesized that 

an electronic nose can discriminate the VOCs pattern in exhaled breath between patients with 

lung cancer and individuals with COPD. Our aim was to address this hypothesis by a cross-

sectional study examining the difference in VOC-pattern of exhaled air between patients with 

a histology-confirmed diagnosis of lung cancer and patients with COPD. As a secondary aim, 

we intended to confirm the potential of the electronic nose to distinguish the VOC-patterns 
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between patients with lung cancer and healthy controls and to assess whether this distinction 

had adequate repeatability. 

 

 

METHODS 

 

Patients 

A total number of 30 patients volunteered to participate to this study. All the subjects were 

adults (45–80 years). The study population included 3 groups of 10 subjects: patients affected 

by non-small cell lung cancer (NSCLC), patients with chronic obstructive pulmonary disease 

(COPD) and a healthy control group. Patients were recruited among those visiting the 

outpatient clinic of the Leiden University Medical Center, whilst controls were recruited by 

advertisements in the hospital and in the university. Patients with a history of upper or lower 

respiratory tract infection during the past 4 weeks prior to the measurements and patients 

with systemic diseases (such as diabetes) or a prior diagnosis of malignancy were not eligible 

for inclusion in this study. 

The lung cancer group was composed by 10 (ex)-smoking patients with a recent histology 

established diagnosis of NSCLC without prior treatment by chemotherapy and/or 

radiotherapy. A computed tomography (CT) scan of the chest was available from all patients 

and fiberbronchoscopy had been performed. Patients were staged using the International 

Union Against Cancer TNM staging system  [11]. 

The COPD group consisted of 10 smoking or ex-smoking patients with clinically stable stages I 

to III COPD, according to the GOLD guidelines [12]. In short the inclusion criteria were history 

of chronic symptoms or sputum production or dyspnoea at exertion, post-bronchodilator 

FEV1/FVC ratio <70% and absence of clinical asthma or other pulmonary and cardiovascular 
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abnormalities. None of them had experienced any exacerbations requiring corticosteroids in 

the previous 4 weeks.  

The healthy controls group also had 10 subjects each with a negative history of chest 

symptoms, no history of smoking, pre- bronchodilator FEV1 >80% pred and FEV1/FVC ratio 

>70%, and absence of any known diseases. 

The study was approved by the Leiden University Medical Centre Ethics Committee and all the 

subjects gave their written informed consent. 

 

 

Study Design 

The study had a cross-sectional case-control design with two visits within a 10-day period. 

The first day was a screening day to check all the inclusion and exclusion criteria. On the 

second day exhaled breath was collected in duplicate (except for the COPD group) and 

sampled by the electronic nose. Smoking was not allowed on the day of the exhaled breath 

collection and no food and beverages were permitted in the 2 h before the test. 

 

Electronic nose 

We used a Cyranose 320 (Smiths Detections, Pasadena, CA, USA), a handheld portable 

chemical vapour analyzer, containing a nano- composite array with 32 polymer sensors. 

When exposed to a gas mixture the sensors swell, thereby changing the electrical resis- tance, 

resulting in a unique smellprint of differential electrical resistances [13]. 
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Lung function 

Spirometry (Masterlab Jaeger, Germany) was performed by a trained lung function technician 

according to the latest recom- mendations [14] and the forced expiratory volume in 1s (FEV1)  

and forced vital capacity (FVC) were measured before and 20 min after 400 μg inhaled 

salbutamol per metered dose inhaler with a spacer (VolumaticR ). Patients withheld short-

acting b2 agonists for >8 h and long-acting b2 agonists for >12 h prior to all lung function 

measurements and electronic nose analysis. 

 

Exhaled breath collection and sampling 

The breathing manoeuvres were standardized, based on a validated method as previously 

published [15]. In short, patients breathed tidally through a mouthpiece, connected to a 3-way 

non- rebreathing valve and an inspiratory VOC-filter (A2, North Safety, NL) for 5 min. After a 

single deep inspiration the patient exhaled a single vital capacity volume into a Tedlar bag 

connected to the expiratory port. Within 10 min the electronic nose was connected to the 

Tedlar bag, followed by 1 min sampling of exhaled air through a silica-filled drying chamber 

[15]. For NSCLC group and controls these manoeuvres were done in duplicate by repeating 

the same procedure after a 2- to 5-min interval. 

 

Data analysis 

The smellprints were analysed based on recent recommendations [16] by using online 

software on-board of the electronic nose (PC nose). Data were processed through Savitzky–

Golay filtering and analysed by principal component analysis (PCA) and linear canonical 

discriminant analysis (CDA). A cross validation value (CVV) and the Mahalanobis distance 

between the group means in units of standard deviation were then calculated. This procedure 

has been validated in our lab by off-line confirmatory analysis using double cross-validatory 
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implementation of linear discriminant analysis on principal component reduction, as 

previously described [15]. 

 

RESULTS 

 

The subject characteristics of the three groups are described in Table 1. 

Patients with lung cancer were slightly older than healthy controls (p < 0.05) whilst no 

differences in age were reported between the lung cancer group and COPD group. FEV1 (% 

pred.) was higher in healthy controls as compared to patients with COPD and to those with 

lung cancer (p < 0.01; p < 0.05, respectively). No significant differences in FEV1 were 

observed between individuals with lung cancer and COPD. 

The clinical characteristics of patients with lung cancer are shown in Table 2. In 6 out of 10 

patients the tumour was located within the lung (stage I to II), whereas 4 patients had locally 

advanced disease (stage IIIA/B NSCLC). 

The two-dimensional PCA plot showed that smellprints of patients with lung cancer could be 

distinguished from those of subjects with COPD (Fig. 1, upper left). Canonical discriminant 

analysis was then performed on the data (Fig. 1, upper right). With the optimal number of 

vectors the cross-validation results were 85% correct, with a Mahalanobis distance of 3.73 

between the two groups. 
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Table 1- Clinical characteristics of the study population 

 

  

Lung 

Cancer COPD 

Healthy 

Controls 

Patients (n) 10 10 10 

Age (yr) 66.4±9.0 61.4±5.5 58.3±8.1 

Sex (M\F) 10\0 8\2 4\6 

FEV1 (% pred) 86.3±20.7 70,0±14.8 108.9±14.6 

Current smokers (n) 2 6 0 

Ex-smokers (n) 7 4 0 

Never smokers (n) 1 0 10 

Pack-years (n) n.d. 30±11 n.d. 

 

Values are expressed as mean±SD 

n.d.=not determined 

 

 

 

Table 2- Histology and stage for the group of patients with lung cancer  

 

 

Patient nr. Histology TNM Stage 
1 Squamous cell T2N1M0 II 
2 NSCLC T1-2N2M0 IIIA 
3 Adenocarcinoma T2N0M0 IB 
4 Squamous cell T2N0M0 IB 
5 Adenocarcinoma T1N0M0 I 
6 Adenocarcinoma T2N3M0 IIIB 
7 NSCLC T2-4N2M0 IIIA 
8 Squamous cell T4N2M0 IIIB 
9 Bronchiolo-alveolar T2N0M0 I 
10 Squamous cell T2N0M0 I 
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Figure 1. Two-dimensional principal component analysis plots (upper and lower left) and one-

dimensional canonical discriminant analysis plots (upper and lower right), showing the discrimination 

of smellprints between patients with lung cancer (diamonds) from those with COPD (triangles) and 

controls (squares) along arbitrary composite factors. 
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DISCUSSION 

 

Our study demonstrates that an electronic nose can distinguish the pattern of VOCs present in 

exhaled breath of lung cancer patients from that of patients with COPD. Furthermore the 

electronic nose could adequately discriminate patients with lung cancer from control subjects. 

This distinction was confirmed when analysing exhaled air from repeated samples. This 

indicates that the VOC-patterns in exhaled air differ between two separate smoking-related 

lung diseases, which warrants further steps towards diagnostic validation of electronic noses 

in lung cancer and COPD. 

The novelty of our study is the comparison of a well-characterized group of NSCLC patients to 

subjects of similar age with established COPD. To our knowledge, this is the first study that 

performs a formal group-to-group comparison between patients with lung cancer and COPD. 

The relevance is given by the fact that this concerns two smoking-related lung diseases and 

that patients with non-small cell lung cancer are also frequently diagnosed with COPD. 

Interestingly, we observed a separation of smellprints between the two groups. Our data 

extend the previous studies examining lung cancer patients and healthy controls by various 

sensor array systems [6–9]. Di Natale et al. [6] used quartz microbalance gas sensors showing 

100% correct classification of patients with various forms of lung cancer, and 94% 

classification of controls. Chen et al. [7] presented a study of an electronic nose for detection 

of lung cancer based on surface acoustic wave sensors and image recognition method. 

Machado et al. [8] used exactly the same electronic nose as in the present study and showed 

adequate discrimination between patients with lung cancer and those from other groups, 

including healthy controls and a mixed group of subjects with pulmonary diseases (1 α-AT 

deficiency, chronic beryllium disease and COPD). In their validation model these authors 
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found 71.4% sensitivity and 91.9% specificity for detecting bronchogenic carcinoma by an 

electronic nose, with positive predictive values of 66.6% and 93.4%, respectively. Finally 

Mazzone et al. [9] used a colorimetric sensor array that predicted the presence of non-small 

cell lung cancer with a sensitivity of 73.3% and a specificity of 72.4%. Their controls included 

healthy subjects and patients with COPD, sarcoidosis, pulmonary arterial hypertension and 

idiophatic pulmonary fibrosis. The present findings suggest that the discrimination between 

lung cancer and COPD by electronic nose can also be accomplished, which may have 

pathophysiological and clinical implications. 

In our study we carefully considered methodological issues such as the selection of the 

groups. All the patients and controls were well characterized by internationally standardized 

and accepted guidelines [11,12]. Such a priori gold-standard diagnosis is required when 

examining discriminative potential. In addition, we used a validated sampling technique and 

breathing manoeuvres [15]. The latter is essential, and further optimization of air collection 

and sampling in the application of electronic noses should be an issue of constant efforts. 

Tobacco smoking may play a relevant role in altering the VOC- profile. Previous studies have 

clearly shown that cigarette smoking directly affects the level of several VOCs in human 

breath [17]. The smokers in our study abstained from smoking on the day of the test. 

However, we cannot exclude whether smoking has affected our results. Furthermore, current 

smoking varied between lung cancer patients and those with COPD and future studies may 

also have to include groups with similar smoking status. Nevertheless, the comparison of 

patients with lung cancer and COPD showed a clear distinction between the groups, indicating 

that we cannot explain our findings only by the presence of smoking-related VOCs or by the 

presence of smoke-induced airway inflammation. 

A potential limitation of our study might be the relatively small sample size. However, 10 

subjects per group appeared to be sufficient for obtaining an adequate discrimination 
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between lung cancer patients, COPD patients and controls. In addition, repeated sampling 

excluded that our results could be explained by accident or by error. This resembles 

observations in asthma and controls using the same sample sizes [15]. However, the current 

sample size is not enough to discriminate different stages of lung cancer. It should be noticed 

that 40% of lung cancer patients in this study had locally advanced disease (stage III). 

Whether the present findings can be extrapolated to early lung cancer stages needs further 

investigation. 

The implicit limitation of this study is the absence of data about identification of the specific 

VOCs. Electronic noses are measuring VOC-mixtures in the exhaled breath as a profile, which 

is analyzed by pattern recognition algorithms [16] to assess whether these smellprints vary 

between subject groups. Pattern recognition suffices in diagnostic assessment, but specific 

individual VOC analysis will be essential when examining pathophysiological pathways and 

the critical individual biomarkers driving the current discrimination. Therefore, the intention 

of using electronic noses in medicine is not to assess the pathophysiological cause of a disease 

but to evaluate their diagnostic accuracy for a future application as a clinical test. The 

identification of specific VOCs by GC–MS provides vital information on the specific molecular 

pathways involved and is certainly relevant as an aid in optimizing and shaping specific 

sensors for future clinical purposes. 

How can we interpret our findings? It appears that the exhaled breath of subjects with lung 

cancer is different from that of individuals without it. Several alterations of VOCs have been 

shown in lung cancer patients using GC–MS [18]. In particular, acetone, butane benzene, 

decane, isoprene and pentane levels have been found altered in patients with lung cancer 

[18]. By using solid-phase microextraction combined with gas chromatography, recently Chen 

et al. [19] distinguished 11 exhaled VOCs as biomarkers of lung cancer, including styrene, 

decane, isoprene, benzene, undecane, 1-hexene, hexanal, propyl benzene, 1,2,4-trimethyl 
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benzene, heptanal and methyl cyclopentane. Notably, at least two of those (isoprene and 

undecane) were also the discriminatory VOCs in the headspace of in vitro cultures of lung 

cancer cells as compared to controls [19]. These metabolites may be driven by increased 

oxidative events that are associated with the neoplastic processes irrespectively from 

cigarette smoking [18,20,21]. Moreover, in patients with lung cancer the induction of 

cytochrome p450 may enhance the catabolism of VOCs, resulting in an alteration of these 

compounds [18]. 

The presence of concurrent COPD may potentially induce a modification in the VOCs-

spectrum. COPD is indeed associated with several mechanisms of particular relevance in the 

development of the disease including proteinase–antiproteinase impairment and chronic 

airway inflammation sustained by cell recruiting with chemokines secretion and other 

chemoattractants, leading to oxidative stress and airway remodelling [22]. This hypothesis 

might be supported by an interesting study by Poli et al. [23], who used mass spectrometry 

technology to identify lung cancer breath signatures, including a group of patients with COPD 

as controls. These authors showed that levels of isoprene, 2-methylpentane, ethylbenzene and 

styrene were statistically different between a group of 36 patients with NSCLC and 25 with 

COPD. Our results now indicate that despite the presence of potential confounding factors like 

cigarette smoking and chronic airway inflammation, the electronic nose was able to detect a 

difference in VOCs pattern in the exhaled breath between patients with lung cancer and those 

with COPD, strongly suggesting that it might reflect changes in the exhaled breath VOCs-

spectrum caused by the non-small cell neoplasm itself or the host response to it. 

What is the clinical relevance of our findings? Our data indicate that it is warranted to make 

the next step in the validation of an electronic nose in diagnostic assessment of lung cancer. 

This requires specific study designs aimed to test diagnostic accuracy [24]. This includes: (a) 

the discrimination of a priori diagnosed gold-standard groups (this study), and (b) 
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subsequent external validation in newly recruited, not a priori diagnosed patients with an 

‘intention to diagnose’ [24]. If validated in this way, the electronic nose could become a 

convenient device for the physician because of its non-invasiveness, cheapness and ease to 

perform. It is self- evident that the definitive diagnosis of lung cancer tissue proof is 

mandatory. The electronic nose might either be a diagnostic tool for selecting patients for 

further (invasive) diagnostic procedures or it may qualify as a screening tool in patients with 

an increased risk of lung cancer to primarily exclude lung cancer. Therefore, the next studies 

should include a larger population in order to discriminate between patients with various 

histology and stages of lung cancer, and newly presented patients to establish the external 

validation of future diagnostic accuracy by electronic noses for lung cancer. [24]. 
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ABSTRACT 

 

Background: Malignant Pleural Mesothelioma (MPM) is a tumour of the surface cells of the 

pleura that is highly aggressive and mainly caused by asbestos exposure. Electronic noses 

capture the spectrum of exhaled volatile organic compounds (VOCs) providing a composite 

biomarker profile (breathprint). Objective: We tested the hypothesis that an electronic nose 

can discriminate exhaled air of patients with MPM from subjects with a similar long-term 

professional exposure to asbestos without MPM and from healthy controls. 

Methods: 13 patients with a histology confirmed diagnosis of MPM (age 60.9 ± 12.2 year), 13 

subjects with certified, long-term professional asbestos exposure (age 67.2 ± 9.8), and 13 

healthy subjects without asbestos exposure (age 52.2 ± 16.2) participated in a cross-sectional 

study. Exhaled breath was collected by a previously described method and sampled by an 

electronic nose (Cyranose 320). Breathprints were analyzed by canonical discriminant 

analysis on principal component reduction. Cross-validated accuracy (CVA) was calculated. 

Results: Breathprints from patients with MPM were separated from subjects with asbestos 

exposure (CVA: 80.8%, sensitivity 92.3%, specificity 85.7%). MPM was also distinguished 

from healthy controls (CVA: 84.6%). Repeated measurements confirmed these results. 

Conclusions: Molecular pattern recognition of exhaled breath can correctly distinguish 

patients with MPM from subjects with similar occupational asbestos exposure without MPM 

and from healthy controls. This suggests that breathprints obtained by electronic nose have 

diagnostic potential for MPM. 
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INTRODUCTION 

 

Malignant Pleural Mesothelioma (MPM) originates from the surface cells of the pleura and 

represents a highly aggressive tumour [1]. Like all mesothelioma cancers, pleural 

mesothelioma is mainly caused by asbestos exposure and develops when the toxic asbestos 

fibers are trapped in the spaces between the mesothelial cells. Although asbestos exposure 

can be environmental, occupational asbestos exposure is the main factor involved in MPM 

pathogenesis [1]. MPM is an important public health issue with increasing incidence 

worldwide over the next 20 years [2]. Since 1992, high-income countries have banned 

asbestos usage. However, due to the long latency up to 40 years after asbestos exposure MPM 

will remain a serious health problem worldwide for many years to come [2]. MPM is hard to 

diagnose because symptoms occur considerable time after initial asbestos exposure. 

Moreover, symptoms of pleural mesothelioma are not typical and can be mistaken for less 

threatening diseases such as pneumonia [3,4]. Therefore, patients are often diagnosed not 

early enough for curative treatment [3,4]. The diagnosis of MPM very often requires invasive 

thoracoscopy, and that is why current research attempts are focusing on novel tests for the 

early detection of MPM [5]. Interestingly, several serum and pleural fluid markers have 

recently shown to be associated with the presence of MPM. In particular, osteopontin, soluble 

mesothelin, and  

megakaryocyte potentiating factor (MPF) showed a link with the presence of the neoplasm in 

patients with MPM [1,5]. 

It would be attractive if MPM could be assessed by non-invasive biomarkers. Metabolomic 

analysis of exhaled air may be a realistic option for this. Exhaled breath contains a complex 

mixture of thousands of volatile organic compounds (VOCs) deriving from several metabolic 
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pathways [6,7]. This has been established by gas chromatography and mass spectrometry 

(GC–MS). Indeed, when using GC–MS, we have recently shown that exhaled air from MPM 

patients can be discriminated from controls based on pattern recognition of VOCs [8]. Even 

though cyclohexane was the predominant discriminative compound in MPM, it required 

multiple VOCs to obtain complete separation MPM patients and controls [8]. Therefore, it 

appears that exhaled breath fingerprinting has potential in the differential diagnosis of MPM. 

The use of portable electronic noses, has made the sampling of exhaled breath and the profiles 

of VOCs-mixtures readily available [9,10], allowing real-time analysis and discrimination of 

“breathprints” by composite nano-sensors arrays (“breathomics”) [10]. Such an approach is 

strictly based on pattern recognition without analyzing the individual molecular components 

[11], which is potentially suitable for diagnostic objectives [9]. Interestingly, several 

independent studies have recently shown that an electronic nose can distinguish the VOCs 

pattern in exhaled breath of lung cancer patients from subjects without it [12–16]. Based on 

the above we postulated that an electronic nose can discriminate exhaled breath of patients 

with MPM from healthy controls and from subjects without MPM but with a similar 

professional asbestos exposure. 

Our aim was to test this hypothesis by a cross-sectional study comparing patients with an 

established diagnosis of MPM with healthy controls and with subjects with a certified long-

term professional exposure to asbestos who did not develop the disease. As a secondary aim, 

we examined whether these classifications can be reproduced by repeated measurements. 
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MATERIALS AND METHODS 

 

Subjects 

The patients in this study have been described previously [8]. In short, 39 adult subjects were 

divided into 3 groups. Group 1: 13 patients with a histology confirmed diagnosis of MPM 

without current treatment by chemotherapy and/or radiotherapy. The TNM classification by 

the International Union Against Cancer was used to stage patients [17]. Group 2: 13 subjects 

with long-term certified professional asbestos exposure and with radiological signs of pleural 

plaques and/or benign asbestos pleural effusion. Group 3: 13 subjects each with a negative 

history of professional asbestos exposure, no history of smoking, and absence of any known 

diseases. Any subjects with cardiovascular disease, systemic or respiratory infection (<4 

weeks), diabetes, any other pulmonary diseases were excluded. The study was approved by 

the local Ethics Committee and all the subjects gave their written informed consent. 

 

Design 

This was a cross-sectional, case-control study with two visits. Day 1 was used for checking the 

in- and exclusion criteria. On day 2 (within 10 days) exhaled breath was sampled. Subjects 

were asked to refrain from eating and drinking in the 3 h before the test. Exhaled breath was 

collected in duplicate within a 10 min interval and analyzed by the electronic nose. 

 

 

Breath collection 

Exhaled breath analysis was performed using a previously described method [18]. In short, 

subjects breathed tidally through a non-rebreathing valve connected to an inspiratory VOC-

filter (A2, North Safety, NL) and to a silica-filled drying chamber for 5 min. Subsequently, 
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subjects exhaled a vital capacity into a Tedlar bag, connected to the electronic nose (Smiths 

Detections, Pasadena, CA, USA). 

 

Electronic nose 

We used a Cyranose 320 (Smiths Detections, Pasadena, CA, USA), a handheld portable 

chemical vapour analyzer, containing a nanocomposite array with 32 polymer sensors. When 

exposed to a gas mixture the sensors swell, thereby changing the electrical resistance, 

resulting in an unique breathprint of differential electrical resistances [10,19]. 

 

 

Lungfunction 

Spirometry (Masterlab Jaeger, Germany) was performed by a trained lung function technician 

according to the latest recommendations [20] and the forced expiratory volume in 1 s (FEV1 ) 

and forced vital capacity (FVC) were measured for all the participants to the study. 

 

Data analysis 

Raw sensor data from the electronic nose represent a relative resistance change (ΔR/R) for 

each of the 32 sensors (Fig. 1) [10,19]. Raw data were analyzed by SPSS software version 16.0 

(SPSS Inc., Chicago, IL, USA). Data were reduced to a set of principal components capturing the 

largest amount of variance of the original 32 sensors [21]. Independent t-test was used to 

select the principal components which were discriminative between groups. Subsequently, 

these principal components were applied in a linear canonical discriminant analysis (CDA), to 

create a model that maximizes the distance between sample classes and minimizes the 

within-sample class distances [22]. The cross validated accuracy percentage (CVA, %) was 

calculated with the “leave-one-out method”. The CVA provides a percentage that reflects the 
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amount of agreement between the clinical and model-based classification. For each case the 

probability of a positive diagnosis was calculated on basis of the canonical discriminant 

function. These probabilities were subsequently used to create a receiver operator curve 

(ROC-curve) with accompanying 95% confidence limits, providing the sensitivity, specificity, 

positive- and negative predictive values for the test. The sample size was based on our aim to 

limit the standard error of the estimated diagnostic measures (sensitivity, specificity) to 10% 

at most. Assuming 80% accuracy a sample size of 12 patients per group sufficed. For 

evaluating model robustness a training and test validation using 8 and 5 for bootstrapping 

was performed. In detail, we calculated the accuracy for the 5 cases classified by an algorithm 

created on the basis of PCA and CDA of the 8 other cases. 10 different permutations were 

applied and the average of these 10 values was used to calculate the overall accuracy. The 

subsequent ROC-analysis was calculated by selecting a cross validated value for each case. 
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Figure 1. Example of breathprint in the exhaled breath of a patient with MPM (purple circles), control 

subject (red diamonds) and asbestos exposed subject (blue triangles). S1-S32: sensor numbers. Y-axis: 

sensor deflection (ΔR/R). 
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RESULTS 

 

The subject characteristics of the three groups are listed in Table 1. Subjects with long-term 

exposure to asbestos were slightly older than healthy controls (p < 0.01), whilst there were no 

significant differences in age between the three groups. FEV1 (%pred.) was higher in healthy 

controls compared to patients with MPM and to those with asbestos exposure (p < 0.05). No 

significant differences in FEV1 were observed between individuals with MPM and exposed 

subjects. The clinical characteristics and staging of patients with MPM are shown in Table 2. In 

8 out of 13 patients the tumour was located within the pleural surface (TNM stages Ia–Ib), 

whereas 5 patients had locally advanced disease (stages II–III). 

The two-dimensional PCA plot showed that patients with MPM could be distinguished from 

those subjects with professional exposure to asbestos without MPM (Fig. 2). Subsequent 

canonical discriminant analysis demonstrated a CVA% of 80.8 (p < 0.001). The area under the 

curve of the ROC-curve for the discrimination between MPM and subjects professionally 

exposed to asbestos was 0.917 (Fig. 3). Using a cut-off value for the probability of diagnosing 

MPM of 0.33, this model showed a sensitivity of 92.3% and a specificity of 85.7% for MPM 

with positive- and negative predictive values of 0.83 and 0.78, respectively (Fig. 3). Analysis of 

exhaled air from second bag reproduced these results (MPM vs exposed without MPM: CVA% 

88.5; cut-off value 0.33; sensitivity 100%; specificity 84.6%, positive predictive value 0.86, 

negative predictive value 0.92). 

Breathprints of patients with MPM also differed from those of healthy subjects (Fig. 4), with 

cross-validated accuracy of 84.6% (p < 0.001). The area under the curve of the ROC-curve for 

the discrimination between MPM and healthy controls was 0.893. When using a cut-off value 

for the probability of diagnosing MPM of 0.31 the electronic nose had 92.3% sensitivity and 

69.2% specificity for MPM in this model with positive- and negative predictive values of 0.91 
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and 0.80, respectively (Fig. 5). Analysis of the second collected bag replicated these results 

(MPM vs healthy controls: CVA% 88.5; cut-off value 0.31; sensitivity 92.3%; specificity 92.3%, 

positive predictive value 0.92, negative predictive value 0.86). 

When performing a three-way classification of MPM patients, asbestos exposed and healthy 

controls we obtained a CVA% of 79.5% (p = 0.001) (Fig. 6). The area under the curve of the 

ROC-curve was 0.885. Internal validation by bootstrapping using 8 and 5 patients as training 

and test sets, respectively, reproduced the results above. In particular, the comparison 

between MPM and asbestos exposed led to a CVA% of 82.9 (p < 0.05). The accompanying area 

under the curve of the ROC-curve was 0.88. The analysis between MPM and healthy controls 

resulted in a CVA% of 85.0 (p < 0.05), the area under the curve of the ROC-curve being 0.83. 

 

Table 1- Clinical characteristics of the study population 

 

  MPM Exposed to asbestos Controls 

Subjects (n) 13 13 13 

Age (years)* 60.9±12.2 67.2±9.8 52.2±16.2 

Sex (M/F) 11\2 9\4 5\8 

FEV1(%pred)§ 81.5±12.1 77.4±8.9 97.2±10.7 

Ex-smokers(n) 5 4 0 

 

Values are expressed as mean±SD 

* p<0.01 by analysis of variance 

§ p<0.05 by analysis of variance 
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Table 2- Histology and stage for the group of patients with MPM 

 

PATIENT.NUMBER HISTOLOGY STAGE 

1 epithelial Ib 

2 epithelial Ib 

3 epithelial Ia 

4 epithelial II 

5 epithelial III 

6 Biphasic II 

7 epithelial Ib 

8 epithelial II 

9 desmoplastic Ib 

10 desmoplastic Ib 

11 epithelial Ib 

12 Biphasic Ib 

13 epithelial III 
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Figure 2. Two-dimensional principal component analysis with 2 composite factors showing the 

discrimination of breathprints between patients with MPM (triangles) and subjects professionally 

exposed to asbestos (circles). 
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Figure 3. ROC curve with 95% confidence interval for diagnosis of MPM compared to subjects 

professionally exposed to asbestos. AUC was 0.917. 
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Figure 4. Two-dimensional principal component analysis with 2 composite factors showing the 

discrimination of breathprints between patients with MPM (triangles) and healthy controls 

(diamonds). 
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Figure 5. ROC curve with 95% confidence interval for diagnosis of MPM compared to healthy controls. 

AUC was 0.893. 
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Figure 6. Two-dimensional principal component analysis with 2 composite factors showing the 

discrimination of breathprints in the three-way analysis among MPM (triangles), subjects 

professionally exposed to asbestos (circles) and controls (diamonds). 

 

 

DISCUSSION 

 

The current study shows that an electronic nose can discriminate the molecular profile in 

MPM from subjects with similar professional asbestos exposure but without MPM. MPM could 

also be distinguished from healthy controls. These distinctions were confirmed when 

analyzing exhaled breath from repeated samples. This indicates that exhaled breath of 
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patients with MPM has distinct molecular characteristics from that of subjects without it, and 

that such molecular patterns can be captured by an electronic nose. These findings are 

therefore providing the first step towards diagnostic validation of electronic nose in MPM. 

To the best of our knowledge this is the first study applying exhaled breath molecular pattern 

recognition by electronic nose in patients with MPM. Notably, we observed a nearly complete 

separation of breathprints between the MPM group and the asbestos exposed group. Notably, 

this concerns two groups with similar long-term professional exposure to asbestos. All 

subjects of the exposed group did have pleural plaques, which is a marker of asbestos 

exposure [1]. Even though these plaques do not undergo malignant degeneration [1], there is 

evidence suggesting that individuals exhibiting pleural plaques do have an increased risk for 

developing MPM [23]. This underlines the need of accurate diagnosis in MPM exposed 

subjects. Our data suggest that exhaled molecular profiling should be considered as a non-

invasive method for this. 

To date the application of electronic nose in the respiratory field showed promising results in 

the detection of lung cancer [12–16,24], asthma [18,25,26], COPD [25], in the in vitro 

diagnosis of mycobacterium tuberculosis infections [27] and in the assessment of ventilator 

associated pneumonia [28,29]. With regard to lung cancer, we previously showed with the 

same methodology that an electronic nose can distinguish the VOCs pattern in exhaled breath 

of well-characterized Non-Small Cell Lung Cancer patients from that of subjects with 

established COPD as well as healthy controls [15]. This suggests that the use of an electronic 

nose in the analysis of exhaled breath may qualify as a diagnostic tool for lung cancer in the 

future [12–16,24]. Our present data are extending these into the difficult assessment of MPM. 

We carefully considered methodological aspects such as the selection of groups. All the 

participants were well-characterized by worldwide accepted guidelines [17] and recruited by 

the same operator and from the same out-patient clinic. Moreover, the subjects were workers 
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of asbestos-cement factories and asbestos mines located in a narrow geographical area. MPM 

and exposed group included a number of ex-smokers. Current smokers were excluded from 

the study because tobacco smoking is known to alter VOCs profile in breath [30]. 

Nevertheless, despite the fact that our patients were carefully checked to exclude smoking-

related diseases, such as COPD, we cannot exclude that ex-smoking may have influenced our 

results. Finally, we used a previously validated breathing pattern, inspiratory VOC-filtering, 

drying of the air and sampling exhaled breath [18]. This is a fundamental aspect and 

standardization of air collection and sampling should always be attempted. The sample size of 

our study was relatively limited. This is essentially due to the fact that MPM is a rare tumour. 

Nevertheless, we had access to patients in a geographical focus area of MPM, due to long-term 

professional exposure encountered in a previous big factory. The sample size of 13 subjects 

per group appeared to be sufficient for obtaining a clear separation among breathprints of 

MPM, asbestos exposed and healthy controls. Our results were confirmed by duplicate 

measurements. In view of these positive results, the (adequate) statistical power of our study 

is not of primary relevance. In contrast, the 95% confidence limits of our findings (Figs. 2 and 

4) are of major importance in order to demonstrate the reliability of our findings and to 

exclude false-positive results [31]. In addition, training and test validation by bootstrapping 

established the robustness of our results. Regarding the percentage of correct classification 

for MPM vs healthy controls of 84.6% and for MPM vs exposed without MPM of 80.8% we 

calculated an accompanying standard error of 10.0% and 10.9%, respectively. Nevertheless, 

our sample size was not sufficient for discrimination of different stages of MPM (5 out of 13 of 

patients with MPM had a locally advanced tumour: stages II–III). This is particularly relevant, 

since diagnosis by eNose may be most applicable in patients with less advanced disease with 

resectable tumours [32]. This indicates that the next step is to obtain training sets for 

electronic noses in subgroups of patients with different stages of MPM. 
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How can we interpret our findings? Approximately 3000 different VOCs have been detected in 

human breath, and most breath samples contain over 200 VOCs [6,7]. Although the source and 

the physiological function of most of VOCs are still unknown, these compounds are likely to 

represent metabolites from systemic as well as local origin [7]. The most abundant 

compounds in human breath include acetone, methanol, ethanol, propanol and isoprene [30]. 

Interestingly, several authors have previously shown by GC–MS analysis that levels of 

pentane, isoprene, acetone and benzene were altered in the exhaled breath of patients with 

lung cancer as compared to controls [16,24,33–35]. 

Recently, we showed by explorative GC–MS analysis that levels of cyclohexane, toluene, 

xylene, benzaldehyde, trimethylbenzene, limonene, 2-ethyl-1-hexanol, and acetophenone, 

were altered in the exhaled breath of subjects with long-term exposure to asbestos, with and 

without MPM [8]. Furthermore, cyclohexane, cyclopenthane, dodecanoic, xylene, toluene, 

decane, methyl- cyclohexane, dimethyl-nonanoic, benzylaldehyde, limonene and b-pinene 

were most discriminative between MPM and exposed or non-exposed controls [8]. Hence, 

part of the compounds might be related to mechanical and/or fibrogenic injury to the pleural 

surface caused by the long-term inhalation of asbestos fibers, leading to chronic inflammation 

and generic oxidative stress thereby altering the VOCs profile in exhaled breath [36,37]. 

However, other components may be reflective of the malignancy in MPM patients. In 

particular, oxydrilated compounds are fitting in with the hypothesis of the presence of a 

cytocrome p450 polymorphism as proposed by Phillips et al. [34], whereas methylated 

compounds are generally related to methylation reactions that seem to be involved in the 

development of neoplasms [38]. 

Although the goal of using electronic noses in medicine is to obtain empiric diagnostic 

accuracy by VOCs pattern recognition rather than identifying the individual breath 

constituents, VOCs identification will be essential for examining specific pathophysiological 
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pathways involved. In addition, GC–MS analysis can also be used to develop future tailor-

made electronic noses with more specific sensors for discriminating VOCs in a given disease 

[10,16,24]. Hence, the current electronic nose data and those by GC–MS [8] will be 

complementary in the medical and pathophysiological research of MPM. 

What are the clinical implications of our findings? Our data indicate that an electronic nose 

can discriminate exhaled breath from patients with and without MPM, despite similar long-

term occupational exposure to asbestos. This provides a so-called training-set and represents 

the very first step by showing internal validation. Our results warrant the next step towards 

external validation of an electronic nose in diagnostic assessment of MPM by firmly following 

the current guidelines to assess the accuracy of a new diagnostic test [39–41]. Therefore, 

future studies should include newly recruited and not ‘a priori’ diagnosed patients. If 

validated using this way, electronic nose can have the potential for a quick and non-invasive 

diagnostic tool for targeted populations. The electronic nose could either become a diagnostic 

tool for excluding MPM in individuals professionally exposed to asbestos or a diagnostic tool 

for selecting patients for additional, more invasive diagnostic procedures. 
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ABSTRACT  

 

Malignant pleural mesothelioma (MPM) is an aggressive tumour whose main aetiology is the 

long-term exposure to asbestos fibres. The diagnostic procedure of MPM is difficult and often 

requires invasive approaches; therefore, it is clinically important to find accurate markers for 

MPM by new noninvasive methods that may facilitate the diagnostic process and identify 

patients at an earlier stage. In the present study, the exhaled breath of 13 patients with 

histology-established diagnosis of MPM, 13 subjects with long-term certified professional 

exposure to asbestos (EXP) and 13 healthy subjects without exposure to asbestos (healthy 

controls, HC) were analysed. An analytical procedure to determine volatile organic 

compounds by sampling of air on a bed of solid sorbent and thermal desorption GC-MS 

analysis was developed in order to identify the compounds capable of discriminating among 

the three groups. The application of univariate (ANOVA) and multivariate statistical 

treatments (PCA, DFA and CP- ANN) showed that cyclopentane and cyclohexane were the 

dominant variables able to discriminate among the three groups. In particular, it was found 

that cyclohexane is the only compound able to differentiate the MPM group from the other 

two; therefore, it can be a possible marker of MPM. Cyclopentane is the dominant compound 

in the discrimination between EXP and the other groups (MPM and HC); then, it can be 

considered a good indicator for long-term asbestos exposure. This result suggests the need to 

perform frequent and thorough investigations on people exposed to asbestos in order to 

constantly monitor their state of health or possibly to study the evolution of disease over time. 
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INTRODUCTION 

 

Malignant pleural mesothelioma (MPM) is an aggressive neoplasm of mesothelial cell origin 

that arises mainly from the pleura [1,2]. The major histological subtypes are epithelial, 

sarcomatoid and mixed. In addition, osteosarcomatous degeneration within MPM is 

considered a rare subtype. The majority of MPM cases are associated with asbestos exposure. 

Occupational asbestos exposure was clearly assessed as the main factor involved in MPM 

pathogenesis, although asbestos exposure can be environmental [3]. Despite the ban of 

asbestos usage in developed countries, due to the long latency up to 40 years after asbestos 

exposure, MPM is nowadays a relevant public health issue since its increasing incidence 

worldwide over the next 20 years [4]. Moreover, because of the lack of regulations for the use 

of asbestos in developing countries, MPM will remain a major health problem worldwide for 

many years. 

The diagnostic procedure of MPM is difficult, very often requiring invasive approaches such as 

thoracoscopy. Therefore, patients are often diagnosed late in the evolution of the disease 

when curative treatment is no longer an option [5,6]. Thus, it is clinically important to find 

accurate biomarkers for MPM by new noninvasive methods that may facilitate the diagnostic 

process and identify patients requiring further invasive procedures at an earlier stage [7]. 

However, the search for biomarkers is hampered by the complex biological characteristics of 

mesothelioma and the clinical need to distinguish MPM from more frequent pathologies such 

as benign pleural diseases and metastatic malignancies. Recently, promising diagnostic 

biomarkers have been proposed in serum and pleural fluid such as osteopontin, soluble 

mesothelin and megakaryocyte potentiating factor showing a link with the presence of the 

tumour in patients with MPM [3,7]. These findings suggest that there are multiple candidate 

biomarkers that might be captured by diagnostic pattern recognition. Noninvasive analytic 
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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 repeated sampling of not only the same patient but also larger populations of 

patients at a lower cost. Human breath contains numerous volatile substances derived both 

from endogenous metabolism and exposure to ambient vapours and gases and their 

metabolites. Approximately 3,000 different compounds were detected in human breath; some 

are correlated with various common disorders like diabetes, heart disease and possibly lung 

cancer [8–13]. Generally, the composition of different constituents in expired air is 

representative for blood concentrations resulting from gas exchange at the blood/breath 

interface in the lungs [14]. Thus, the presence and concentrations of specific volatile organic 

compounds in expired air are directly linked to their presence in the blood, which is in contact 

with diseased tissues and organs. Furthermore, metabolites derived from local bacterial 

infections in the airways can also be detected directly in breath. Pulmonary infections carry a 

significant risk for people with weak immune systems, especially for long-term and 

postoperative patients. 

Different techniques (online or off-line sampling and analysis) are used for breath analysis 

[13,15,16]. The number of compounds detected in exhaled air and their concentrations vary 

according to the sampling procedure and the analytical method used. The major VOCs found 

in the breath of healthy persons (with their typical concentrations in parts per billion by 

volume, ppbv) are isoprene (10–600), acetone (1–2,000), ethanol (10–1,000) and methanol 

(150–200 ppbv). All are products of the standard metabolic processes [17]. Selected ion flow 

tube mass spectrometry and proton transfer reaction time-of-flight mass spectrometry are 

the most used online techniques for measuring volatile organic compounds in breath samples. 

The suitability of off-line sampling necessitates the use of appropriate receptacles in which to 

collect, transport and store gas samples before analyses. In the present work, Tedlar bags 
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were used to collect human breath. The components of the exhaled breath sample were 

collected using a sorbent-trap containing a bed of a solid sorbent followed by thermal 

desorption and analysis by gas chromatograph coupled with a mass spectrometer (TD- GC-

MS). The aim of the study was to discriminate among exhaled breath of patients with MPM 

(MPM) from healthy controls (HC) and from subjects without MPM but with a similar 

professional asbestos exposure (EXP) using non-invasive investigation. The identification of 

the pattern of compounds capable of diagnosing the disease was performed by the application 

of statistical treatments on the obtained data. The study was applied to patients with an 

established diagnosis of MPM, healthy controls and subjects with a certified long-term 

professional exposure to asbestos that had not developed the disease. The vision of the 

authors was to contribute to the development of breath analysis as an alternative noninvasive 

diagnostic method for the disease to blood and urine analysis. 

 

 

MATERIALS AND METHODS 

 

Subjects 

A total number of 39 subjects volunteered to participate in this study. All the subjects were 

adults (45–80 years). The study population included three groups of 13 subjects: patients 

affected by MPM, subjects without MPM but with long-term professional exposure to asbestos 

and a healthy control group. Patients were recruited among those visiting the outpatient clinic 

of the Occupational Medicine Department, University of Bari, whilst controls were volunteers 

working in the hospital and in the university. Patients with a history of upper or lower 

respiratory tract infection during the past 4 weeks prior to the measurements and patients 

with asthma, chronic obstructive pulmonary disease, systemic diseases (such as diabetes) or a 
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prior diagnosis of malignancy were not eligible for inclusion in this study. Current smokers 

were excluded from the study. The MPM group was composed of 13 patients with long-term 

professional asbestos exposure and a histology-established diagnosis of malignant pleural 

mesothelioma without current treatment by chemotherapy and/or radiotherapy. Patients 

were staged using the International Union Against Cancer TNM staging system [18]. The 

exposed group consisted of 13 subjects with long-term certified professional exposure to 

asbestos and with radiological signs of pleural plaques and/or benign asbestos pleural 

effusion. None of them suffered chest symptoms or other pulmonary and cardiovascular 

abnormalities. The healthy controls group also had 13 subjects each with a negative history of 

professional exposure to asbestos, absence of any known diseases and no drug usage. The 

study was approved by the local Ethics Committee and all the subjects gave their written 

informed consent. 

 

Study design 

The study had a cross-sectional, case–control design with two visits within a 10-day period. 

The first day was a screening day to check all the inclusion and exclusion criteria. On the 

second day, exhaled breath was collected in duplicate and analysed. Subjects were asked to 

refrain from eating and drinking in the 3 h before the test. 

 

Exhaled breath collection and sampling 

The breathing manoeuvres were based on a validated method described in our previous 

paper [19]. In short, patients breathed tidally through a mouthpiece, connected to a three-way 

non-rebreathing valve and an inspiratory VOC-filter (A2, North Safety, NL) for 5 min. After a 

single deep inspiration, the patient exhaled a single vital capacity volume into a Tedlar bag 
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connected to the expiratory port. These manoeuvres were done in duplicate by repeating the 

same procedure after a 2-min interval. 

 

Analytical method 

The analytical method of VOCs in exhaled breath consisted of three steps: adsorption of VOCs 

on sorbent cartridges, their TD and analysis by GC-MS [20]. The cartridge is composed of a 

cylindrical stainless steel net (100 mesh) with an external diameter of 4.8 mm, containing 

Carboxen 1003, Carbopack B, and carbopackY as adsorbent bed (Sigma Aldrich, Italy). The 

cartridge was connected on a side to the sampled Tedlar bag and on the other side to a low-

flow sampling pump (Pocket Pump, SKC, Italy). For the sampling step, it was set to a flow of 

25 mL/min for 30 min. In such conditions,  it was aspirated a volume of 0.75 L per bag.     

Then, the sampled cartridges were thermally desorbed and the analytes were analysed by GC-

MS. The analysis of VOC was carried out using a thermal desorber (Markes International Ltd., 

UnityTM) equipped with an autosampler (Markes mod. ULTRATM TD) provided with 100 

positions and coupled with a gas chromatograph (Agilent GC-6890 PLUS) and a mass selective 

detector (Agilent MS-5973 N). The thermal desorber provides a two-stage mechanism: In the 

former, the analytes are desorbed from the sample tube and refocused into a cold trap; in the 

latter, they are desorbed from the trap and carried into the GC column. The operative 

conditions are listed in Table 1. The standard solutions were prepared by successive dilutions 

in methanol of a VOC standard mixture at 2,000 μg/mL containing all investigated analytes 

(Ultra Scientific Cus-5997). To quantify the samples, a calibration curve was prepared by 

injecting 1 μL of a standard solution into a tube; the spiked adsorbent tubes were then 

thermally desorbed in the same conditions of time, gas flow and split ratio of the samples. 
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Table 1-  Operative conditions  for TD-GC-MS 

 

 

 

Data statistical analysis 

A variance analysis (ANOVA), principal component analysis (PCA) and discriminant function 

analysis (DFA) were applied to data. ANOVA is a statistical method used to compare the 

means of two or more samples. PCA is a multivariate analysis technique used to reduce data 

dimensionality to a smaller set of orthogonal factors of easier interpretation. PCA transforms 

the data to a new coordinate system such that the greatest variance by any projection of the 

data comes to lie on the first coordinate (called the first principal factor), the second greatest 

variance on the second coordinate and so on. PCA involves the calculation of the eigenvalue 

decomposition of a data covariance matrix or singular value decomposition of a data matrix; 

the results of PCA are usually discussed in terms of component scores and loadings. DFA 

Step Parameter Value 

Adsorbent tube desorption  purge time 
desorption time 
desorption temperature 
temperature of cold trap 
desorption flow 

1 min – trap in line 
10 min 
300 °C 
-10 °C 
20 ml/min 

Focusing trap desorption desorption time 
temperature of cold trap desorption 
split flow  
temperature transfer line 

3 min 
300 °C 
44 ml/min 
150 °C 

GC analysis gas carrier 
gas flow 
analytical column 
 
 
 
oven temperature  

He 
1.7 ml/min 
SUPELCOWAX (Supelco), 
polyethylene glycol 30 m x 0.25 mm 
ID. 0.25 µm. Stationary phase 
thickness. 
40 ºC for 3 min,  8 ºC/min to 80ºC 
80 ºC for 1 min, 20 ºC/min to 270ºC 
270 ºC for 3 min. 
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determines which variable allows discrimination between two or more groups. The method 

applies a multivariate F test in order to compare the total variances and covariance matrix 

with pooled within-group variances and covariances and to determine if significant 

differences concerning all variables occur between groups. The first discriminate function 

considered by the model provides the most discrimination between groups, the second 

provides the second most and so on. The basic assumptions of the procedure are: (1) normal 

distribution of the data; (2) the homogeneity in the variance/covariance matrices of variables 

across groups; and (3) the variables used to discriminate between groups are not completely 

redundant. The data were processed by means of the statistical software package Statistica for 

Windows, version 6.1.144.0 (StatSoft Italia srl, Vigonza, Italy). 

 

Neural network 

Counterpropagation artificial neural networks (CP-ANN) are one of the most popular neural 

networks proposed in literature and are increasing in uses and applications related to several 

multivariate chemical issues. CP-ANN is a modelling tool which combines features from both 

supervised and unsupervised learning [21,22]. Moreover, a CP- ANN consists essentially of 

two layers, a Kohonen and an output layer [23]. In this paper, a graphical user interface of the 

Kohonen and CP-ANN toolbox in Matlab was used. The toolbox is a freely available collection 

of functions and algorithms and can be downloaded via the Internet from the Milano 

Chemometrics and QSAR Research Group web site (http://www.disat.unimib.it/chm). 
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RESULTS AND DISCUSSION 

 

Setup of the analytical procedure 

The first step of the present work was the setup of the analytical procedure starting from the 

method tested and used for environmental samples [20]. The preliminary analyses, conducted 

on healthy control samples, showed that the most abundant VOCs were: cyclopentane, phenol, 

1,2-pentadiene, cyclohexane, heptane, methylcyclohexane, toluene, 2,4-dimethyl-heptane, 

methyloctane, xylene, styrene, a-pinene, benzaldehyde, b-pinene, trimethylbenzene, decane, 

limonene, 2-ethyl-1-hexanol, N,N,dimethyl-acetamide (DMCA), acetophenone, 

dimethylnonane and dodecane. In order to ascertain the level of contamination in new or 

cleaned bags, background VOC concentrations in a clean Tedlar bag were monitored. Analysis 

of bags filled with clean and humidified (50%) air showed that DMCA and phenol are due to 

emissions of the bags themselves. It was known that these compounds are present in the 

production process of Tedlar [24]. Other studies also observed high backgrounds of DMCA 

and phenol in Tedlar bags [25,26]. The cartridge desorption (first desorption) was performed 

in splitless mode in order to increase the sensitivity of the methodology. Limit of quantization 

(LOQ), expressed as nanograms per litre, was determined for all investigated compounds 

from the sequential analyses of diluted standard solution with a signal- to- noise ratio of 10 

(Table 2). 

Performance of the sampling and analytical method was evaluated using a VOCs standard 

mixture containing a known concentration of the target compounds. The sampling step 

requires the choice of the best adsorbent material and the optimisation of the flow rate and 

sampling time (sampling volume). A study of the different adsorbent materials showed that 

the triphasic adsorbent cartridges containing carboxen 1003, C2-C5, carbopack B, C5-C12, and 



 92

carbopack Y, C12-C20, are the best place to absorb quantitatively the investigated compounds. 

Then, the flow rate and the sampling time (volume of air sampled) were tested and optimised 

using two cartridges connected in series to a bag containing a control sample. The best results 

were obtained in sampling under the following conditions: flow rate of 25 mL/min for 30 min. 

It was found that all investigated compounds were adsorbed quantitatively on the first 

cartridge; no compound was present in detectable quantities (<LOQ) in the second cartridge. 

Finally, method repeatability was evaluated analysing healthy control samples in triplicate. In 

particular, the sampling procedure was repeated three times for each HC individual and then 

the analysis of the three collected bags was performed. The relative standard deviation 

percentages (RSDs%) were <15% for all investigated compounds. About the discrimination of 

the gender (male/female), from the data analysis, it was noted that no significant variations 

were found linked to the different gender; the variability falls into that group owning. 
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Table 2- Medians of volatile compounds and relative standard deviations (RSD%) for each 
investigated groupa. Limits of Quantization (LOQ), expressed as pg/mL, are listed in the second 
column. 
 

  HC MPM EXP 

Volatile organic 
compounds 

LOQ 
(ng/L) 

median 
(ng/L) 

  
RSD(%) 

median 
(ng/L) 

  
RSD(%) 

median 
(ng/L) 

  
RSD(%) 

      

cyclopentane 0.40 34.83 a 96 120.42 a 78 605.49 b 77 
1,2-pentadiene 0.93 55.33 a 70 64.20 ab 85 200.66 b 42 
cyclohexane 4.67 33.08 a 58 251.79 b 84 69.31 c 130 
heptane 10.53 21.44 a 139 22.08 a 51 24.41 a 48 
methyl- cyclohexane 8.13 18.12 a 143 17.66 a 47 30.33 a 26 
toluene 0.93 12.99 a 51 16.70 a 36 15.37 a 27 
2.4-dimethyl-heptane 8.40 14.02 a 94 17.01 ab 50 27.69 b 32 
methyl-octane 8.40 14.06 a 94 18.56 a 55 32.70 b 30 
xylene 2.27 13.50 a 46 14.31 ab 42 20.25 b 33 
styrene 0.93 2.05 a 138 4.09 a 41 2.25 a 104 
a-pinene 13.73 37.40 a 53 36.51 a 49 49.44 a 26 
benzaldehyde 2.67 13.56 a 53 14.41 a 44 19.92 a 23 
b-pinene 15.47 37.52 a 51 35.52 a 50 41.87 a 33 
trimethylbenzene 2.67 12.34 a 65 11.69 a 48 16.18 a 26 
decane 0.93 5.62 a 50 6.59 a 40 8.70 a 27 
limonene 4.40 24.60 a 151 23.73 a 33 28.70 a 49 
2-ethyl-1-hexanol 1.07 45.15 a 42 48.24 a 44 51.50 a 28 
acetophenone 12.00 53.97 a 40 51.61 ab 50 70.30 b 26 
dimethyl-nonane 15.47 16.65 a 51 19.03 a 45 36.71 b 25 
dodecane 0.93 5.46 b 34 7.49 a 27 10.31 a 21 

aResults for three patient groups of HSD for unequal N Tukey test are reported: groups of one row with different 
letters are statistically different (p<0.05); volatile compound data were normalized before applying the test. 
 
 
 
 

Data analysis 

The subject characteristics of the three groups are listed in Table 3: subjects with long-term 

exposure to asbestos, 

patients affected by MPM, and healthy controls. Subjects with long-term exposure to asbestos 

were slightly older than healthy controls (p < 0.01), whilst there were no significant 

differences in age between MPM and healthy controls as well as exposed subjects. The median 

values (in ng/L) and the correspondent RSD% for each compound in 39 subjects for the three 

groups are listed in Table 2. Median values were displayed because of the non-normal 
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distribution of the raw data (Shapiro–Wilk tests). After a log transformation, a normal 

distribution of data into the groups was obtained for each compound (W ≥ 0.9), with the 

exception of heptane and 2-ethyl-1-hexanol (W ≤ 0.8). These last two variables were 

subsequently eliminated from statistical analysis. 

A variance analysis (ANOVA), performed on normalised data, highlighted statistically 

significant differences (p < 0.05) in the values of nine compounds among the patients 

belonging to three different groups. Despite these differences, examination of the results 

obtained applying a post hoc test (honestly significantly different (HSD) for unequal N Tukey) 

showed that cyclohexane was the only compound having mean values significantly different 

for all the three groups at the same time, whereas for other compounds, fewer (two or one) 

groupings are recognised (Table 2). In particular, MPM patients showed higher 

concentrations of cyclohexane (median value = 251.79 ng/L) compared to subjects with long-

term exposure to asbestos (median value = 69.31 ng/L) and healthy controls (median value = 

33.08 ng/L). Cyclohexane is a known human metabolite of ε-caprolactam degradation [27], 

and this may support the hypothesis of a tight relationship between reactions of xenobiotic 

agents’ degradation and the genesis of tumours since the relation between polluting agents 

and neoplastic processes is documented [28] (http://www.voc-research.at). Therefore, based 

on our results, cyclohexane seems to be associated with the presence of MPM and a possible 

biomarker for MPM disease. 

ANOVA analysis also highlighted that the EXP averages for cyclopentane, methyloctane and 

dimethylnonane were significantly different from the other two groups. This result shows that 

subjects without MPM but with long-term professional exposure are characterised by a breath 

composition different from both the MPM and HC groups. This could be a useful tool in the 

early diagnosis of MPM because it suggests the need of frequent and thorough checks on 

subjects with these characteristics. 
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PCA was used to provide a partial visualisation of data in a reduced-dimension plot. After 

applying PCA to our normalised data set, five PCs were extracted and the percentage of 

variance explained by each PC were 59.0%, 11.7%, 8.2%, 7.8% and 5.4%, respectively. Poor 

visual clustering was apparent when the scores of the patients were displayed with respect to 

the first two principal components (data not shown). This was not surprising since the first 

principal component accounts for the maximum possible one-dimensional projection of the 

total variation of the individual data points and each succeeding component accounts for the 

maximum possible one- dimensional projection of the remaining variability, which do not 

necessarily correspond to the maximum variations among defined classes. Therefore, with the 

aim of finding the best PCs able to discriminate among patients of the three different groups, 

an ANOVA was applied on the component score values. Statistically significant differences (p 

< 0.01) were obtained only for PC4 and PC2 with F values of 24.4 and 17.1, respectively. In 

fact, when representing the scores of the patients on the two- dimensional space defined by 

these last PCs (Fig. 1), the patients seem to group into three clusters, corresponding to our 

different groups (HC, MPM, EXP), even if the separation is not completely satisfactory due to a 

partial overlapping of clusters. According to the loading of the variables (Table 4), the most 

contributing descriptors (loading value>0.50) were cyclopentane (−0.54) and 1,2- pentadiene 

(−0.83) for PC2 and cyclohexane (−0.73) and methyl-cyclohexane (0.55) for PC4. 

To assess the discrimination efficiency among the different patient groups, i.e. HC, MPM and 

EXP, a multivariate analysis of normalised data was carried out by DFA, and two different 

discriminant functions were computed with an accounted variability of 79.4% and 20.1%, 

respectively. As shown in Fig. 2, a complete separation of the three groups was achieved and 

the recognition ability was 100% for each group. The discrimination between EXP and the 

other two groups (MPM and HC) was clearly displayed along the first discriminant function 

(DF1), whilst the second function (DF2) led, to a minor extent, to the separation between all 
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groups. In order to identify which compounds cause the discrimination, the factor structure 

matrix, in which the correlations between the variables and the discriminant functions were 

reported, was analysed. Cyclopentane (−0.35), 1,2-pentadiene (−0.17), dimethyl-nonane 

(−0.21) and dodecane (−0.18) were the dominant variables to deiine the iirst discriminant 

function whilst cyclohexane (0.46) and dodecane (0.17) for the second discriminant function. 

In particular, cyclopentane and cyclohexane were the most correlated variables with DF1 and 

DF2, respectively. This result is in agreement with that obtained by applying ANOVA. A 

leaving-one-out cross-validation procedure was used to evaluate the classification 

performance showing a prediction ability of 84.6% for the three groups. Among 39 subjects 

studied, five MPM patients were incorrectly classified in particular two as HC and three as EXP 

and one HC was misclassified as EXP. A stepwise DFA was also tested to select a subset of 

variables which, enabling the greatest separation between groups, discarded less significant 

or autocorrelated variables. Eleven variables were selected (cyclopentane, cyclohexane, 

dodecane, xylene, toluene, decane, methyl-cyclohexane, dimethylnonane, benzalde- hyde, 

limonene, b-pinene), and even if the recognition ability was lower, i.e. 97.4% (one MPM 

patient was misclassified as HC), the cross-validation showed a higher prediction ability 

(94.9%) for the three groups. Only two MPM patients were incorrectly classified as HC. 

Moreover, cyclopentane (0.39) and cyclohexane (−0.49) were again the dominant variables to 

define the discriminant functions. 

CP-ANN was also applied to data and networks settings were optimised in order to obtain the 

best performance in terms of classification. In particular, the following were determined: the 

network size (7), which defines the number of neurons for each side of the map; the number 

of epochs (600), which is the number of times each sample is introduced in the network; and 

the boundary condition (toroidal), which defines the network space. The learning rates were 

set by default at 0.5 and 0.01, respectively, as suggested in literature [21]. The fitting 
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procedure using the optimised parameters showed a classification ability of 100% for each 

group. A leaving-one-out cross-validation procedure was used to evaluate the classification 

performance, showing a prediction ability of 87% for the three groups. Among the 39 subjects 

studied, five were incorrectly classified: two MPM patients were classified one as HC and one 

as EXP an HC was classified as MPM, and two EXPs were classified one as HC and one as MPM. 

 

Table 3- Clinical characteristics of the study population 
 

  MPM EXP HC 

Subjects (n) 13 13 13 
Age (years) 60.9±12.2 67.2±9.8 52.2±16.2 
Gender (M/F) 11\2 9\4 5\8 
Ex-smokers(n) 5 4 5 

 
 

Table 4- PCA loading components obtained on all investigated subjectsa 
 
 

Variables PC1 PC2 PC3 PC4 

cyclopentane    -0.68 -0.54   
1.2-pentadiene  -0.83  -0.32 
cyclohexane -0.40  0.23  0.46 -0.73 
methyl- cyclohexane -0.71    0.27  0.55 
toluene -0.88  0.23   
2.4-dimethyl-heptane -0.76 -0.26  0.35  0.40 
methyl-octane -0.74 -0.43  0.37  0.27 
xylene -0.95    
styrene -0.42  0.50  0.62  
a-pinene -0.92  -0.27  
benzaldehyde -0.96     
b-pinene -0.79   -0.45  
trimethylbenzene -0.91  0.25     
decane -0.89    
limonene -0.52  0.28 -0.32  
acetophenone -0.92   -0.26  
dimethyl-nonane -0.86 -0.43    
dodecane -0.82 -0.27   

a Only component loadings with absolute values greater than 0.2 are presented. 
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Figure 1. Principal component analysis score plot of PC4 versus PC2 for all investigated subjects 
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Figure 2. A graphical representation of the discriminant function analysis (DFA) of the investigated 

subjects using volatile organic compound data 

 

 

Conclusions 

The analytical method allowed the detection of the most abundant compounds in breath 

samples of healthy control, MPM patients and EXP subjects with high repeatability. Despite 

the small number of samples analysed, encouraging results were obtained. Univariate analysis 

performed on the data showed that cyclohexane is the only compound that differed 

significantly in the three investigated groups. The application of multivariate statistical 

treatments, PCA, DFA and CP-ANN, showed the importance of having the entire pattern of the 
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compounds (fingerprint) to obtain a good discrimination between the groups (100%) and 

then to differentiate MPM patients from the HC and EXP groups. The application of stepwise 

DFA showed that using a small number of variables (cyclopentane, cyclohexane, dodecanoic, 

xylene, toluene, decane, methylcyclohexane, dimethyl-nonanoic, benzaldehyde, limonene, b-

pinene), it was possible to obtain a recognition ability of 97.4%. All data treatments showed 

that cyclopentane and cyclohexane were the dominant variables able to discriminate between 

the three groups. In particular, it was found that cyclohexane is the only compound able to 

differentiate MPM group from the other two; therefore, it can be considered a possible marker 

of the investigated disease. Cyclopentane allowed discriminating EXP from the other two 

groups, so it can be considered a good indicator for long-term asbestos exposure. This result 

suggests the need of frequent and thorough checks on individuals without MPM but with a 

long-term professional asbestos exposure in order to constantly monitor their health. 

Therefore, it is possible to state that using breath analysis, it may be possible to diagnose the 

disease early using a noninvasive and highly accurate methodology. 
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ABSTRACT 

 

Background: Sarcoidosis is a systemic granulomatous disease of unknown cause that affects 

the lungs in over 90% of cases. Breath analysis by electronic nose technology provides 

exhaled molecular profiles that have potential in the diagnosis of several respiratory diseases. 

Objectives: We hypothesized that exhaled molecular profiling may distinguish well-

characterized sarcoidosis patients from controls. To that end we performed electronic nose 

measurements in untreated and treated sarcoidosis patients and in healthy controls. 

Methods: 31 sarcoidosis patients (11 patients with untreated pulmonary sarcoidosis [age: 

48.4±9.0], 20 patients with treated pulmonary sarcoidosis  [age: 49.7±7.9]) and 25 healthy 

controls (age: 39.6±14.1) participated in a cross-sectional study. Exhaled breath was collected 

twice using a Tedlar bag by a standardized method. Both bags were then sampled by an 

electronic nose (Cyranose C320), resulting in duplicate data. Statistical analysis on sensor 

responses was performed off-line by principal components (PC) analyses, discriminant 

analysis and ROC curves.  

Results: Breathprints from patients with untreated pulmonary sarcoidosis were 

discriminated from healthy controls (CVA: 83.3%; AUC 0.825). Repeated measurements 

confirmed those results. Patients with untreated and treated sarcoidosis could be less well 

discriminated (CVA 74.2%), whereas the treated sarcoidosis group was undistinguishable 

from controls (CVA 66.7%)  

Conclusion: Untreated patients with active sarcoidosis can be discriminated from healthy 

controls. This suggests that exhaled breath analysis has potential for diagnosis and/or 

monitoring of sarcoidosis. 
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INTRODUCTION 

 

Sarcoidosis is a systemic granulomatous disease of unknown aetiology, which commonly 

affects young and middle-aged adults throughout the world [1]. The estimated life-time risk 

varies between 1 to 2% in different ethnic groups [2]. Pulmonary involvement occurs in over 

90% of cases [3]. Due to its wide variety in clinical presentation and subsequent disease 

course, the diagnosis of sarcoidosis is challenging and often requires invasive approaches 

such as bronchoscopy [1]. As a consequence, decisions on whether or not starting treatment 

often have to be taken on arbitrary grounds. Therefore, It would be desirable to have new 

diagnostic methods in sarcoidosis that are simple, quick, non-invasive, cost-effective and with 

high selectivity. In the past years, several serum markers have been associated with the 

presence of sarcoidosis, including angiotensin-converting enzyme, neopterin and soluble IL-2 

receptor, but none of them showed an adequate sensitivity to be useful for screening for the 

diagnosis of sarcoidosis [4].  

During the past few years, the analysis of exhaled breath has been proposed as a novel 

diagnostic tool for a variety of lung diseases [5]. It is well known that exhaled breath contains 

thousands of volatile organic compounds (VOCs) deriving from various metabolic and 

inflammatory pathways in the body [6,7]. This could be established by techniques like gas 

chromatography-mass spectrometry (GC-MS), Time of Flight Mass Spectrometry (TOF-MS) 

and Ion-Mobility spectrometry (IMS), which are the gold-standard for VOCs analysis. 

However, the need for arduous and expensive procedures has limited the clinical applicability 

of these methods.  

Electronic noses represent an innovative method of VOCs sampling, because these devices can 

identify a mixture of VOCs translating it into a breath profile (breathprint) [8]. Differently 
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from GC-MS, they allow a cheap, on-site and instantaneous distinction of breathprints by 

pattern recognition, without identification of the individual molecular components [9]. 

Notably, several proof of concept studies have shown that exhaled breath molecular profiling 

by electronic noses could be useful in the medical diagnostics [5], in particular in the diagnosis 

of several respiratory diseases such as lung cancer [10-12] asthma [13,14], COPD [14] and 

pleural malignant mesothelioma [15].  

Based on the above, we hypothesized that the exhaled breath molecular profiling by an 

electronic nose can correctly discriminate patients with pulmonary sarcoidosis from control 

subjects. As a secondary aim, we assessed whether these distinctions had adequate 

repeatability.   

 

 

METHODS 

 

Subjects 

A total number of 56 subjects volunteered to participate to this study. All the subjects were 

never-smoking adults (18-75 years). The study population included 3 groups of subjects: 

patients with untreated pulmonary sarcoidosis, patients with treated pulmonary sarcoidosis 

and a healthy control group. Patients were recruited among those visiting the outpatient clinic 

of the Amsterdam University Medical Center, whilst controls were recruited amongst 

personal contacts.  

The untreated pulmonary sarcoidosis group was composed by 11 patients with a recently 

established diagnosis of stage 0 to IV pulmonary sarcoidosis without previous or current 

medical treatment. The treated pulmonary sarcoidosis group consisted of 20 patients with 

stage 0 to IV pulmonary sarcoidosis currently under inhaled and/or systemic therapy 
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(prednisolone, methotrexate, azathioprine, hydrochloroquine).. Sarcoidosis was defined as 

presence of histological evidence of noncaseating granulomas in subjects with bilateral hilar 

adenopathy on the chest roentgenogram, except for those with particular conditions where a 

diagnosis was based on clinical-radiographic findings alone, such as Löfgren syndrome, 

Heerfordt syndrome, bilateral hilar gallium-67 uptake and positive PET scan [1]. Patients 

were radiologically staged using currently accepted consensus criteria [1]. Patients with any 

other acute or chronic disease than pulmonary sarcoidosis were excluded from the study. 

None of them experienced any upper or lower respiratory tract infection in the 4 weeks prior 

to the study. 

The control group was composed by 25 subjects with a negative history of chest symptoms 

and without of any known disease.  

The study was approved by the Amsterdam University Medical Centre Ethics Committee and 

all the subjects gave their written informed consent.  

 

Study design  

The study had a cross-sectional case-control design. The measurements were performed at 

one visit. Subjects were asked to refrain from eating and drinking at least for 3 hours before 

the study. Exhaled breath was collected in duplicate and sampled by the electronic nose. 

 

Exhaled breath collection. 

Exhaled breath analysis was performed as previously described [13]. In short, patients 

breathed tidally for 5 minutes through a 3-way non-rebreathing valve connected to an 

inspiratory VOC-filter (A2, North Safety, NL). Afterwards, subjects exhaled a single vital 

capacity volume into a Tedlar bag, connected to the electronic nose. The entire manoeuvre 

was repeated after 5 minutes resting, which provided duplicate samples.  
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Electronic nose 

We used a commercially available handheld electronic nose, (Cyranose 320, Smith Detections, 

Pasadena, CA, USA) with a nanocomposite array of 32 organic polymer sensors. When the 

sensors are exposed to a mixture of VOCs the polymers swell, inducing a change in their 

electrical resistance [9]. The raw data are captured as the changes in resistance of each of the 

32 sensors in an onboard database, producing a distribution (breathprint) that describes the 

VOC mixture and that can be used for pattern-recognition algorithms [8]. 

  

 

 

Data analysis 

Raw data were analyzed by SPSS software version 16.0 (SPSS Inc., Chicago, IL, USA), using 

analysis strategies that purposely limit false-discoveries [16]. Data were reduced to a set of 

principal components capturing the largest amount of variance of the original 32 sensors. 

Univariate ANOVA analysis was used to select the principal components which best 

discriminated among groups. Afterwards, these principal components were used to perform a 

linear Canonical Discriminant Analysis (CDA), to classify cases into a categorical partition. We 

used the “leave-one-out method” to calculate the Cross Validated Accuracy percentage (CVA, 

%). The CVA provides a percentage that estimates how accurately a predictive model will 

perform in practice. For each case the probability of a positive diagnosis was calculated on 

basis of the canonical discriminant function. These probabilities were subsequently used to 

create a receiver operator curve (ROC-curve) with 95% confidence limits. The sample size 

calculation was based on estimating the standard error (SE) of the percentage correctly 

classified patients. The reliability of the percentage correct classification C is dependent on SE, 
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whilst SE itself is a function of p: SE=√[C(100-C)/n]. If C is between 85% and 100% the 

current sample sizes per subgroup (11, 20 and 25 patients, respectively) provide SE values 

between 7 and 9%. A p-value of < 0.05 was considered significant. 

 
 
 
RESULTS 
 
 
The subject characteristics of the three groups are described in table 1. Patients with 

untreated and treated sarcoidosis were slightly older than controls (p<0.05 and p<0.01, 

respectively). Serum ACE was higher in untreated patients with sarcoidosis compared to 

those treated (p<0.01).   

The radiological stages of patients with sarcoidosis are also shown in table 1. 8 out of 11 

untreated patients had hilar and mediastinal lymphadenopathy and/or pulmonary infiltrates 

without signs of lung fibrosis (stage 0 to 2), whereas 14 out of 20 treated patients had 

advanced disease with reticular opacities and evidence of pulmonary fibrosis (stage 3 to 4).  

The two-dimensional PCA plot showed that patients with untreated sarcoidosis could be 

distinguished from healthy controls (Fig.1). Canonical discriminant analysis was then 

performed on the data and showed a CVA% of 83.3 (p<0.001). The area under the curve of the 

ROC-curve for the discrimination between untreated sarcoidosis and healthy controls was 

0.825 (Fig.2). Analysis of exhaled air from the second bag reproduced these results (untreated 

sarcoidosis vs controls: CVA% 86.1, p<0.001, AUC 0.853). 

However, breathprints of untreated sarcoidosis patients were barely separated from those of 

the treated sarcoidosis group, with cross-validated accuracy of 74.2%. Analysis of the second 

collected bag confirmed these findings (untreated sarcoidosis vs. treated sarcoidosis: CVA% 

71.1)  
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Finally, the comparison between breathprints of treated patients with healthy controls did 

not reach statistical significance for both duplicate measurements (CVA% 66.7 and 64.4, 

respectively).  

 

 

 

 

Table 1- Clinical characteristics of the study population 

 

  Untreated sarcoidosis Treated sarcoidosis Healthy Controls 
 
Subjects (n)  

 
11 

 
20 

 
25 

Age (years)* 48.4±9.0 49.7±7.9 39.6±14.1 
Males 4 13 11 
Females 7 7 14 
DLCO %pred 68.2±12.4 62.9±13.3 n.d. 
Serum ACE¥ (u/mg) 111.6±58.5 72.6±37.4 n.d. 
Radiostage 
0/1/2/3/4 

1/2/5/2/1 2/2/2/1/13 n.d. 

    
    
    
*= p<0.05 untreated p.s. vs controls; p<0.01 treated vs. controls  
¥= p<0.05 by indipendent samples t-test   
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Figure 1. Two dimensional principal component analysis with 2 composite factors showing the 

discrimination of breathprints between patients with untreated sarcoidosis (circles) and controls 

(triangles). 
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Figure 2. ROC-curve with 95% confidence interval for diagnosis of untreated sarcoidosis compared to 

controls. AUC was 0.825 
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DISCUSSION 

 

Our study shows that an electronic nose can discriminate the exhaled breath of patients with 

untreated sarcoidosis from healthy controls. The electronic nose could less adequately 

distinguish patients with untreated sarcoidosis from those with treated sarcoidosis. These 

distinctions were confirmed when analyzing exhaled air from repeated samples. However, the 

electronic nose could not discriminate treated sarcoidosis from healthy controls. These 

findings indicate that the VOC-profile in human exhaled breath differs between untreated 

pulmonary sarcoidosis as compared and controls, warranting further diagnostic validation of 

electronic noses in sarcoidosis.  

To the best of our knowledge this is the first study using exhaled breath molecular pattern 

recognition by electronic noses in the field of sarcoidosis. Notably, we observed an adequate 

separation between the untreated sarcoidosis group and healthy controls. This was confirmed 

when using duplicate measurements. To date, in clinical research the potential of electronic 

nose technology has already been tested for detecting a variety of other diseases, such as 

bacterial vaginitis, venous leg ulcer infections, sinusitis, cerebrospinal fluid leak, urinary tract 

infections, diabetes mellitus and renal dysfunction [5,8]. The application of electronic noses in 

respiratory medicine showed its potential in diagnosing, phenotyping and monitoring 

obstructive diseases like bronchial asthma and chronic obstructive pulmonary disease 

(COPD). Several studies demonstrated that patients with asthma could be discriminated from 

healthy controls [13,14,17,18]. Interestingly, patients with COPD were also discriminated 

from asthmatics [14,17]. Moreover, a number of studies with different electronic nose 

technologies suggest that exhaled breath profiling may be applicable in the diagnosis of lung 

cancer [10-12,19,20], as well as in pleural malignant mesothelioma [15,21]. Finally, several 
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groups have undertaken efforts to detect Mycobacterium Tuberculosis [8] and ventilator-

associated pneumonia [22,23]. The present findings suggest that the detection of pulmonary 

sarcoidosis by electronic nose is also a realistic option that warrants further clinical 

validation. 

We paid particular attention in considering methodological issues such as the selection of 

groups. All the patients were carefully selected by generally accepted consensus criteria [1]. 

This discrimination of a priori diagnosed gold-standard groups is essential as first step in the 

validation of novel tests according to current guidelines [24-26]. In addition, we used 

previously validated sampling techniques and breathing maneuvers [13] to minimize any 

influence on the exhaled VOC-profile by environmental VOCs, humidity, expiratory flow-rate 

or contaminated material. We excluded smokers and ex-smokers because tobacco smoking is 

known to change the level of several VOCs in exhaled breath [27]. Moreover, we ruled out 

patients with any comorbidities, such as diabetes mellitus, renal failure and heart disease 

which have been shown to interfere with the VOCs spectrum [8,28].  

Nevertheless, several limitations of our study need to be acknowledged. First, patients with 

sarcoidosis were older than controls, thus potentially introducing an age-bias in the 

discrimination of groups. We previously showed that exhaled breath from young and older 

subjects was not distinguishable by an electronic nose [13]. However, we cannot exclude that 

age-related factors have affected our results. Second, we divided patients with sarcoidosis 

into two groups according to their medication usage. Exhaled breath of the treated sarcoidosis 

group was not clearly discriminated from that of untreated patients and controls. The 

treatment of our patients with sarcoidosis included inhaled and/or systemic corticosteroids 

and other immunosuppressants such as azathioprine and methotrexate. These medications 

may affect the VOC-pattern by locally and systemically modifying inflammatory and metabolic 

pathways, potentially leading to the poor discrimination between treated sarcoidosis patients 
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and controls. Nevertheless, we did not observe a sharp discrimination between treated and 

untreated sarcoidosis, suggesting that medication usage may not be a key element in the lack 

of differentiation between these groups. Not unexpectedly, there were many more patients 

with advanced disease (stage 4) in treated group. Therefore, our data raise the hypothesis 

that eNose assessment may only discriminate between early stage granulomatous 

inflammation and control conditions, whereas it cannot distinguish late stage fibrotic 

inflammation from control. 

Third, even though we had 56 subjects in the study, the current sample size was relatively 

limited. Nevertheless, it appeared to be sufficient for obtaining a well-defined separation 

between breathprints of untreated sarcoidosis and controls. This is unlikely to be explained 

by accident or error, since repeated sampling confirmed our findings. The 95% confidence 

limits of the ROC-curve are in line with this. Undoubtedly, further investigations with a larger 

and independent population are required for testing exhaled breath profiling in various 

stages of sarcoidosis.  

How can we interpret our results? It appears that the exhaled breath of subjects with 

untreated pulmonary sarcoidosis is different from that of healthy controls. Sarcoidosis is 

characterized by a non-caseating granulomatous inflammation, caused by an unknown 

“sarcoid” antigen which leads to an amplified Th-1 like lymphocytic response and to the 

release of a variety of cytokines and chemokines, including pro-fibrotic factors, pro-

inflammatory agents and macrophage-derived substances [29]. It is likely that these 

inflammatory processes may change several metabolic pathways, thereby providing different 

VOCs in the exhaled air. There are only few data about exhaled breath analysis in sarcoidosis. 

Interestingly, elevated levels of H2O2 and 8-isoprostane (markers of oxidative stress) and 

ethane (marker of lipid oxygenation) were detected in the exhaled breath condensate of 

patients with sarcoidosis [29]. It is essential to emphasize that electronic noses do not identify 
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which specific VOCs are responsible for the distinctive patterns between sarcoidosis and 

controls. This requires GC-MS analysis, which needs to be applied in follow-up studies, when 

aiming to identify the molecular pathways that are driving the currently observed 

discrimination. Such studies can also be helpful in the development of specific sensors 

tailored for a given disease, as has already been done for lung cancer [11]. 

What are the clinical implications of our findings? Using an electronic nose, it appears to be 

feasible to distinguish exhaled breath from subjects with and without untreated pulmonary 

sarcoidosis. Such diagnostic potential based on probabilistic assessment is highly valuable in 

medicine, provided that the sensitivity and specificity of the eNose meets the demands for the 

confirmation and/or the exclusion of the disease [24]. Our data warrant the next step in the 

validation of electronic noses technology for the diagnostic assessment of sarcoidosis, by 

comparing a larger cohort of untreated patients with different radiological stages sampled 

during the regular workup. This needs to be compared with chest diseases having a similar 

clinico-radiological presentation, such as tuberculosis, hypersensitivity pneumonitis, fibrotic 

lung diseases or even Beryllium disease, which is notably difficult to distinguish from 

sarcoidosis. If successful, electronic noses have the potential to become a cheap, easy to use 

and non-invasive diagnostic tool for sarcoidosis. They may either qualify as screening devices 

(with maximal sensitivity) aimed to exclude sarcoidosis amongst subjects with suspected 

sarcoidosis, or as diagnostic instrument for selecting patients for further, more specific 

diagnostic procedures. 
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CHAPTER 7 

General discussion and conclusion 
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In the studies described in this thesis we have focused on the validation of exhaled breath 

profiling by an electronic nose as a diagnostic tool for an inflammatory lung disease like 

asthma, as well as for thoracic neoplasms like lung cancer and malignant pleural 

mesothelioma.  Additionally, we used GC-MS analysis aiming to identify the discriminative 

VOCs between mesothelioma and controls. Finally we looked beyond airway diseases to 

assess the diagnostic value of exhaled breath profiling in a systemic disease like sarcoidosis.  

Based on the data shown in this thesis the following conclusions and implications can be 

drawn.   

 

ELECTRONIC NOSE IN ASTHMA 

 

- We performed the first proof of concept study by electronic nose in asthma showing its 

capability to distinguish exhaled breath of patients with asthma from healthy controls with an 

adequate short-term reproducibility.  

- The electronic nose could less adequately subphenotype mild from severe asthma. 

- We have validated the sampling technique and breathing manoeuvres for exhaled 

breath collection and analysis by electronic nose.  

- Chronic airways inflammation in asthma appears to modify the exhaled breath VOCs 

profile. This was supported by our explorative GC-MS analysis. 

- Strictly following the STARD guidelines in the validation of new diagnostic tests [1-3], 

further studies have extended our findings [4,5,6] showing that if validated, VOCs pattern 

analysis can become a realistic option in asthma diagnosis and monitoring. 
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ELECTRONIC NOSE IN LUNG CANCER 

 

- We showed that exhaled breath of patients with Non-Small Cell Lung Cancer could be 

discriminated from that of subjects with Chronic Obstructive Pulmonary Disease (COPD) as 

well as healthy controls.  

- The above distinction was reproducible by analyzing repeated samples.  

- Our results strongly suggest that exhaled breath of patients with COPD, often 

associated with the development of the lung neoplasm, contains VOCs that are distinct from 

those in patients with lung cancer. This has to be addressed by GC-MS analysis. 

- Our data warrant the next step in the validation of electronic nose technology in the 

diagnostic assessment of lung cancer, being external validation using patients with various 

stages of lung cancer. 

 

ELECTRONIC NOSE IN MALIGNANT PLEURAL MESOTHELIOMA 

 

- We performed the first study applying exhaled breath profiling by electronic nose in 

the field of mesothelioma showing that breathprints of subjects with Malignant Pleural 

Mesothelioma (MPM) could be separated from those of subjects with similar asbestos 

exposure but without MPM, as well as healthy controls. 

- These separations were confirmed when analyzing repeated samples. 

- We extended our findings by performing GC-MS analysis on exhaled breath samples 

aiming to identify the dominant VOCs able to discriminate among the groups described above. 

- Cycloexhane seems to be associated with the presence of MPM. Cycloexhane is a 

known human metabolite of ε-caprolactam degradation [7]. This supports the hypothesis that 

is a tight relationship between reactions of xenobiotic agents degradation and the genesis of 
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tumors, since the relation between polluting agents and neoplastic processes is well 

documented [8].  

- Cyclopentane may play a role as an indicator for long-term asbestos exposure, since it 

is a main compound in the discrimination between asbestos exposed and the other groups 

(MPM and healthy controls). 

- Our results warrant the next step towards validation of electronic nose as diagnostic 

tool for MPM, focusing on external validity by newly recruited and not previously diagnosed 

patients. 

- Concurrent VOCs identification by GC-MS analysis may help to understand specific 

pathophysiological pathways involved and may be relevant as an aid in shaping tailor-made 

sensors for future clinical purposes.  

 

ELECTRONIC NOSE AND SARCOIDOSIS 

 

- We expanded our focus to sarcoidosis, a systemic granulomatous disease that very 

frequently affects the lungs, whose diagnosis is often challenging [9].  

- In a proof of principle study we showed that exhaled breath testing using an electronic 

nose could identify untreated sarcoidosis from healthy controls with an acceptable short-term 

reproducibility. 

- The distinction between treated and untreated sarcoidosis was less adequate and no 

discrimination was observed between treated sarcoidosis and healthy controls. 

- The presence of sarcoidosis is reflected in the exhaled molecular profile, but it may be 

masked by the usage of medications such as corticosteroids and other immunosuppressants.  

- Future studies with a larger training set of patients with untreated sarcoidosis should 

be performed and then compared with chest diseases with similar clinico-radiological 
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features. If validated this way, electronic nose technology could be used as a screening test to 

exclude sarcoidosis in suspected subjects or as a diagnostic tool for selecting patients that 

should undergo additional diagnostic procedures as in current clinical practice. 

 

CURRENT LIMITATIONS OF ENOSE APPLICATIONS IN MEDICINE 

 

As seen above, exhaled breath profiling by electronic noses has the potential to have a large-

scale application in several diseases related to the respiratory tract, but also in systemic 

diseases. It is important to consider the most relevant advantages and disadvantages of the 

discussed technique. Exhaled breath profiling has several pro’s, including its non-

invasiveness, cost-effectiveness, quickness and ease to perform. However, a number of 

limitations have to be taken into account.  

First, electronic noses do not identify disease-related VOCs, thus the data are not contributing 

to the discovery of specific pathophysiological pathways or target for therapy. Concurrent 

identification of individual VOCs by GC-MS remains mandatory. 

Second, during the past years, many electronic noses have been built using different 

principles [10]. This has led to an incompatibility among raw sensors data, even from the 

same brand. Therefore, scientists and manufacturers should collaborate in order to obtain 

compatible signals that may be used by different electronic nose systems. This may bring to 

obtain “universal databases” which could be stored on cloud servers and potentially 

downloadable by every physician throughout the world.  

Third, at present, commercially available electronic noses are for broad-scale application, e.g. 

food industry or military purposes. This is an implicit limitation for their application in the 

medical field, because sensors are not specifically designed for human exhaled VOCs. Further 
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efforts should be addressed in the creation of tailor-made electronic noses for a specific 

disease.  

Finally, methodological issues such as sampling set-ups and exhaled breath collection are still 

matter of debate. We have validated the sampling technique and breathing manoeuvres based 

on previously performed methodological experiments [11]. However, it is unknown whether 

this is the optimal technique for breath collection and sampling, indicating that future 

methodological studies are required for exhaled breath analysis by electronic noses. An ERS 

and/or ATS Task Force on the above aspects is urgently needed.  

 

RECOMMENDATIONS FOR SUBSEQUENT STUDIES 

 

The studies described in this thesis represent the very first step towards validation of exhaled 

breath VOCs profiling by electronic noses for respiratory diseases like asthma, lung cancer, 

malignant pleural mesothelioma, as well as pulmonary sarcoidosis. 

Rigorously following the STARD guidelines for the validation of new diagnostic tests [12], the 

mandatory next steps should be: 

 

- The comparison of a newly recruited patients with the given disease to healthy 

controls and/or patients with differential diagnoses that should be discriminated from the 

disease in question (phase II, external validation) [12,13]. This has already been done for 

asthma, showing that an electronic nose could differentiate the exhaled breath of newly 

recruited asthmatics from patients with COPD, therefore obtaining a discrimination between 

two inflammatory obstructive respiratory diseases [14]. 

- The comparison to the diagnostic model of a new group of patients with clinical and 

pathological variety of the given disease and/or with comorbidities (phase III) [12]. This has 
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also been accomplished for asthma by Fens et al, who tested a newly recruited group of 

“difficult to diagnose” asthmatics with fixed airflow obstruction and COPD, reaching good 

accuracy [14].  

- The evaluation of a large number of subjects with suspicion of the given disease 

including those with comorbidities (intention to diagnose, phase IV) [12]. 

If validated this way, electronic noses have the potential to become convenient devices for 

diagnostic purposes, i.e. selecting patients for further diagnostic procedures, and/or for 

screening goals, i.e. excluding a disease in subjects at risk. 

 

 

FUTURE DEVELOPMENTS: NANOTECHNOLOGY IN BREATH ANALYSIS  

 

Our studies have provided new material for paving the way to the application of advanced 

electronic noses in medical practice. During the past 10 years research in this field is rapidly 

progressing and the concept of tailor-made electronic noses for the diagnosis, 

subphenotyping and monitoring of specific diseases is not utopistic.  

Current electronic nose devices based on metal oxide semiconductors or conducting polymers 

that specifically identify gaseous odorants are still relatively large and expensive to allow 

portable and personal monitoring. Miniaturized devices based on micro- or nano-arrays that 

could mimic the performance of the natural olfactory system are emerging. Nanotechnology is 

seen as a key in advancing e-nose devices to a level that will match the olfactory systems 

developed by nature (see Fig.1). 

Nanotechnology was firstly nailed by Richard Feynman in 1959, during a very fascinating 

lecture. He claimed that physics seems not to contradict the ‘possibility of maneuvering things 

atom by atom’: this is a fundamental starting point to discriminate nanotechnology with 
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respect to merely using materials with nano-dimensional components without having a 

control on them. On this basis the following definition of nanotechnology was given by N. 

Taniguchi in 1974: ‘the creation of useful materials, devices, and systems through the control 

matter at the nanometer length scale and the exploitation of novel properties and phenomena 

developed at that scale [15].  

Looking at the literature, many examples of sensors based on nanostructured materials can be 

found [16,17], but none with real nanosensors. Really nanoscaled sensors applied for breath 

analysis could catch air samples directly inside the body, for example close to a cancerous 

lesion inside the lungs. Biosensors based on mammalian cellular receptors may qualify for 

this. Such novel sensing materials could help to overcome some unresolved problems of 

breath analysis, such as humidity influence on sensors responses, cross-selectivity and 

detection of low-ppb concentration levels. Most importantly, the signaling and information 

derived from such measurements has to be reproducible, and this requires control of the 

chemical and physical properties at the nano-scale level. Engineers and biomedical 

investigators should collaboratively bring this technology to the doctor’s office and the 

patient’s pocket electronics. 
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Figure 1. Nanotechnology added value to chemical sensors: (1) the increased surface of the sensing 

element; (2) the opportunity to functionalize adsorbing mechanism at molecular level; (3) the ability 

to arrange many different sensing properties into an array of very small dimension. 
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SUMMARY 

 

 

BACKGROUND 

 

Electronic noses (e-nose) rely on arrays of chemical vapor sensors that respond to specific 

stereochemical characteristics of an odorant molecule, particularly Volatile Organic 

Compounds (VOCs). Unlike GC-MS, e-noses can distinguish VOCs mixtures by pattern 

recognition. E-nose technology has successfully been used in commercial applications, 

including VOCs detection and analysis in the environment and in food industry.   

Human exhaled breath contains a mixture of thousands of VOCs, which provides the 

hypothesis that e-nose technology can have medical applications. We addressed this 

hypothesis by assessing the ability of an e-nose in the diagnosis of three types of lung 

diseases:  

a) an inflammatory lung disease like asthma,  

b) thoracic neoplasms like lung cancer and malignant pleural mesothelioma, 

c) an interstitial lung disease: sarcoidosis.  

We added GC-MS analysis in asthma and mesothelioma, aiming to identify the discriminative 

VOCs between patients and controls.  

 

ELECTRONIC NOSE IN ASTHMA 

 

In Chapter 2 we aimed to evaluate whether an e-nose could discriminate exhaled breath of 

patients with asthma from healthy controls and between patients with different disease 
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severities. In addition, we aimed to validate the sampling technique and breathing maneuvers 

for exhaled breath collection and analysis by e-nose.  

We selected well-characterized groups of patients with mild and severe asthma and two 

control groups according to the different age ranges that were observed in the two study 

groups. A cross-sectional study with a duplicate sampling of exhaled breath was performed.  

We observed that the sampling method needed careful standardization, because the eNose 

results (‘breathprints’) were influenced by the inspiratory air, by the breathing volume and 

flow. The data showed a clear distinction of “breathprints” between mild asthma and controls 

as well as between severe asthmatics and controls (accuracy 100% and 90%, respectively). 

Patients with mild and severe asthma could be less accurately discriminated (accuracy 65%), 

whereas the two control groups were indistinguishable. These results were confirmed when 

analyzing the duplicate samples. These findings indicate that the method of breath sampling 

requires strict standardization and that asthmatics can be distinguished from healthy subjects 

by the molecular pattern in exhaled air. These data warrant further validation by strictly 

following the STARD guidelines in the assessment of an e-nose as a novel diagnostic tool for 

asthma. 

 

ELECTRONIC NOSE IN LUNG CANCER 

 

In Chapter 3 we aimed to assess whether an e-nose could distinguish the VOCs pattern of 

patients with lung cancer from COPD patients and healthy controls. 

We enrolled well-characterized groups of patients with Non-small cell lung cancer, COPD 

(which is often associated with the development of the lung neoplasm) and healthy controls 

for a cross-sectional study by collecting exhaled breath with a previously standardized 

method and e-nose sampling.  



 134

This study showed an accuracy of 85% for the correct identification of lung cancer and COPD. 

Additionally, breathprints of patients with lung cancer were accurately discriminated from 

those of healthy controls with 90% accuracy. This discrimination between groups was 

reproducible in duplicate measurements.  

We concluded that lung cancer and COPD are characterized by specific breathprints, allowing 

the distinction between the two diseases by e-nose analysis. Therefore, if validated the e-nose 

may qualify as a non-invasive diagnostic tool for lung cancer in the future. 

 

ELECTRONIC NOSE IN MALIGNANT PLEURAL MESOTHELIOMA 

 

In Chapter 4 we investigated in a proof-of-concept study whether Malignant Pleural 

Mesothelioma (MPM) could be detected in exhaled breath by an e-nose. We compared well-

selected groups of long-term asbestos exposed patients with and without MPM, and healthy 

non-asbestos exposed controls.  

In the discrimination between patients with MPM and asbestos exposed without the 

neoplasm an 80.8% accuracy was reached. MPM could also be distinguished from healthy 

controls with 84.6% accuracy. Repeated measurements confirmed these studies. 

We extended our findings by performing GC-MS analysis on exhaled breath samples with the 

intention to identify the discriminative VOCs among the groups above, as described in 

Chapter 5. We showed that Cyclohexane was the discriminative compound for MPM and 

Cyclopentane was the dominant compound in the discrimination between asbestos-exposed 

without MPM and the other two groups. Our results suggest that the use of e-nose as a non-

invasive diagnostic tool for MPM is feasible and warrants the next steps towards its 

validation. Individual VOC identification by GC-MS should always run in parallel with e-nose 

analysis, providing an aid in understanding pathophysiological molecular pathways.  
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ELECTRONIC NOSE AND SARCOIDOSIS 

 

In Chapter 6 we expanded our focus beyond airway disease to investigate whether an e-nose 

could “sniff-out” sarcoidosis, a systemic granulomatous disease that very frequently affects 

the lungs. We performed e-nose measurements in well-characterized untreated and treated 

patients with sarcoidosis and in healthy controls. 

We reached an accuracy of 83.3% in the discrimination between breathprints of patients with 

untreated sarcoidosis and healthy controls. Repeated measurements confirmed those results. 

The e-nose was less successful to discriminate between untreated and treated sarcoidosis 

(accuracy 74.2%), whereas the treated sarcoidosis group was undistinguishable from controls 

(accuracy 66.7%). A robust and larger training set of “pure”, i.e. untreated patients with 

sarcoidosis should overcome this limitation and in order to provide a gold standard 

sarcoidosis breathprint. 

 

CONCLUSIONS 

 

This thesis describes 5 studies aimed to test the capacity of e-noses to discriminate patients 

with respiratory diseases from controls. These studies represent the very first step towards 

the validation of e-nose technology in respiratory medicine, including airways disease, lung 

cancer and interstitial lung disease. 

 

1) An e-nose can discriminate exhaled breath of asthmatics from controls but is less 

accurate in distinguishing between asthma severities (Chapter 2). 



 136

2) VOCs-patterns of exhaled breath discriminates patients with lung cancer from chronic 

obstructive pulmonary disease (COPD) as well as healthy controls (Chapter 3).  

3) Molecular pattern recognition of exhaled breath can correctly distinguish patients with 

Malignant Pleural Mesothelioma (MPN) from subjects with similar occupational 

asbestos exposure without MPM and from healthy controls (Chapter 4). Cyclopentane 

and Cyclohexane are the dominant variables able to discriminate among the three 

groups (Chapter 5).  

4) An e-nose can discriminate untreated patients with active sarcoidosis from healthy 

controls (Chapter 6).  

 

This thesis has helped to open up the field of eNose application in various, chronic respiratory 

diseases.  The data from this thesis warrant further external validation by studies in new 

patients and controls in other hospitals. When doing so, it is recommended to use the newest 

sensor technology and to obey the STARD Guidelines for validation of diagnostic accuracy. 

Finally, eNose application in the subphenotyping and the longitudinal monitoring of (co-

morbid) patients is strongly advocated.  
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SAMENVATTING 

 

 

ACHTERGROND 

 

Elektronische neuzen (e-noses) maken gebruik van matrices van chemische geursensoren die 

reageren op de specifieke stereochemische karakteristieken van geurmoleculen, met name 

vluchtige organische stoffen  (Vluchtige Organische Componenten, VOC's) die bij onze 

stofwisseling binnen en buiten de longen geproduceerd worden. In tegenstelling tot GC-MS 

kunnen e-noses verschillende VOC's onderscheiden door middel van patroonherkenning. E-

nose technologie is succesvol gebruikt in commerciële toepassingen zoals bij de detectie van 

VOC's in de omgeving en de voedingsindustrie. 

Menselijke uitademingslucht bevat een mix van duizenden VOC's, die aanleiding geven tot de 

hypothese dat e-nose technologie gebruikt kan worden voor medische toepassingen. We 

hebben deze hypothese getest door te onderzoeken of een elektronische neus gebruikt kan 

worden bij de diagnose van drie soorten longaandoeningen: 

a) een ontstekingsziekte van de luchtwegen zoals astma, 

b) tumoren in de borst zoals longkanker en kwaadaardig pleuraal mesothelioom, 

c) een ziekte van het longweefsel, een interstitiële longziekte: sarcoïdose 

We hebben een specialistische techniek om individuele moleculen in de adem te kunnen 

meten aan de e-nose toegevoegd bij patiënten met astma en mesothelioom, met als doel om 

de belangrijkste VOC's te ontdekken die patiënten en controlepersonen van elkaar 

onderscheiden. Het gaat hier om gas-chromatografie met massa-spectrometrie (GC-MS). 
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ELEKTRONISCHE NEUZEN BIJ ASTMA 

 

In hoofdstuk 2 hebben we onderzocht of een elektronische neus onderscheid kon maken 

tussen de uitademingslucht van patiënten met astma en de uitademingslucht van gezonde 

controlepersonen, en ook tussen de uitademingslucht van patiënten in verschillende graden 

van de ernst van de aandoening. Bovendien probeerden we de meettechniek en de manier van 

ademen bij het verzamelen van uitademingslucht voor e-noses te valideren. 

We selecteerden karakteristieke groepen van patiënten met een lichte en een ernstige vorm 

van astma en twee controlegroepen die overeenkwamen met de verschillende 

leeftijdsprofielen die in de twee studiegroepen aangetroffen werden. Er werd een 

dwarsdoorsnede onderzoek uitgevoerd met een dubbele meting van de uitademingslucht. 

Wij constateerden dat de meetmethode een nauwkeurige standaardisatie behoefde omdat de 

resultaten van de elektronische neuzen ('breathprints') beïnvloed worden door de 

inademingslucht, en ook door het ademvolume en de ademstroom ('flow'). De gegevens 

toonden een duidelijk onderscheid tussen de 'breathprints' van licht astma en 

controlepersonen, en ook tussen ernstige astmapatiënten en controlepersonen (accuratesse 

respectievelijk 100% en 90%). Patiënten met licht en ernstig astma konden minder goed 

onderling onderscheiden worden (accuratesse 65%), terwijl de twee controlegroepen niet te 

onderscheiden waren. Deze resultaten werden bevestigd door de analyse van de tweede 

(duplicatie) meting. Deze resultaten wijzen erop dat de methode van ademmeting een strikte 

standaardisatie behoeft, en ook dat astmapatiënten onderscheiden kunnen worden van 

gezonde personen via het moleculaire patroon in de uitademingslucht. 

Deze gegevens geven aanleiding tot verdere validatie met behulp van de STARD richtlijnen 

voor het testen van diagnostische procedures. Dit moet uitwijzen in hoeverre elektronische 

neuzen een nieuw en innovatief diagnostisch hulpmiddel voor astma in de dagelijkse praktijk. 
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ELEKTRONISCHE NEUZEN BIJ LONGKANKER 

 

In hoofdstuk 3 beschrijven we of een elektronische neus gebruikt kan worden om de VOC 

patronen van patiënten met longkanker onderscheiden kunnen worden van die van patiënten 

met COPD en van die van gezonde proefpersonen. 

We maakten gebruik van een karakteristieke groep patiënten met longkanker gevormd door 

niet-kleincellig longcarcinoom, een groep met chronisch obstructieve longziekte (COPD: vaak 

geassocieerd met de ontwikkeling van longtumoren) en een groep gezonde proefpersonen. 

Deze werden gebruikt om een dwarsdoorsnedestudie uit te voeren door uitademlucht te 

verzamelen met een eerder gestandaardiseerde methode en die te meten met elektronische 

neuzen. 

Deze studie toonde een accuratesse van 85% voor het correct identificeren van longkanker en 

COPD. Bovendien werden 'breathprints' van patiënten met longkanker accuraat 

onderscheiden van die van gezonde controlepersonen (90%). Dit onderscheid tussen de 

groepen was reproduceerbaar bij een tweede (duplicatie) meting. 

We concluderen dat longkanker en COPD worden gekarakteriseerd door specifieke 

'breathprints', wat het onderscheid tussen de twee ziekten met behulp van analyse met 

elektronische neuzen mogelijk maakt. Hieruit blijkt dat elektronische neuzen kunnen dienen 

als een toekomstig niet-invasief hulpmiddel om longkanker te diagnosticeren. De accuratesse 

dient voor toepassing in de dagelijkse praktijk nog wel hoger te zijn, met name de 

gevoeligheid voor longkanker om geen enkele patiënt in de toekomst met dit instrument te 

missen. 
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ELEKTRONISCHE NEUZEN BIJ KWAADAARDIGE PLEURALE MESOTHELIOMEN 

 

Hoofdstuk 4 behandelt een verkennende studie (proof-of-concept) waarbij onderzocht wordt 

of Maligne Pleuraal Mesothelioom (MPM's) gedetecteerd kan worden in de uitademingslucht 

door elektronische neuzen. We vergeleken nauwkeurig geselecteerde groepen patiënten met 

en zonder MPM die allen langdurig blootgesteld zijn geweest aan asbest, en vergeleken die 

ook met een gezonde controlegroep welke niet blootgesteld is geweest aan asbest. 

Het onderscheid tussen patiënten met MPM en patiënten wel blootgesteld aan asbest maar 

zonder kanker was voor 80,8% accuraat. MPM kon ook onderscheiden worden van gezonde 

controlepersonen met 84,6% accuratesse. Herhaalde metingen bevestigden de uitkomsten. 

We hebben de bevindingen uitgebreid door een GC-MS analyse uit te voeren op de 

uitademingsmonsters met de bedoeling om de onderscheidende VOC's te identificeren voor 

de bovengenoemde groepen. Dit is beschreven in hoofdstuk 5. We toonden hierbij aan dat 

Cyclohexaan de onderscheidende component voor MPM is. Cyclohexaan was ook de 

dominante component in het onderscheid tussen personen blootgesteld aan asbest maar 

zonder MPM en de andere twee groepen. Onze resultaten wijzen erop dat het gebruik van een 

elektronische neus als niet-invasief diagnostisch hulpmiddel voor MPM mogelijk nuttig kan 

zijn en dit rechtvaardigt verder onderzoek naar validatie. Individuele VOC identificatie door 

GC-MS moet bij voorkeur parallel uitgevoerd worden met een analyse met een elektronische 

neus om zo meer inzicht te krijgen in de pathofysiologische moleculaire mechanismen. 
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ELEKTRONISCHE NEUS EN SARCOÏDOSE 

 

In hoofdstuk 6 breiden we onze aandacht uit van luchtwegziekten naar een systemische 

granulomateuze ziekte die vaak de longen treft: sarcoïdose. Deze ziekte treft vooral het 

longweefsel. Kan een elektronische neus ook sarcoïdose ruiken? We hebben metingen 

uitgevoerd in nauwkeurig geselecteerde onbehandelde en behandelde patiënten met 

sarcoïdose, en met gezonde controlepersonen. 

We behaalden een accuratesse van 83,3% in het onderscheid van 'breathprints' van patiënten 

met onbehandelde sarcoïdose en gezonde controlepersonen. Herhaalde metingen bevestigden 

deze resultaten. De elektronische neus was minder succesvol in het onderscheiden van 

onbehandelde en behandelde sarcoïdose (accuratesse 74,2%), en de behandelde sarcoïdose 

groep was niet te  onderscheiden van de controlepersonen (accuratesse 66,7%). Een robuuste 

en grotere trainingsset van "pure", dat wil zeggen onbehandelde patiënten met sarcoïdose zou 

deze beperking moeten kunnen overwinnen om een gouden standaard sarcoïdose 

'breathprint' te verkrijgen. 

 

CONCLUSIES 

 

Dit proefschrift beschrijft 5 studies gericht op het testen van de capaciteit van elektronische 

neuzen om patiënten met ademhalingsziekten te onderscheiden van controlepersonen. Deze 

studies vertegenwoordigen een eerste stap in de validatie van elektronische neuzen in de 

longgeneeskunde, zoals bij luchtwegaandoeningen, longkanker en interstitiële 

longaandoeningen. 
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1) Een elektronische neus kan de uitademingslucht van astmatische patiënten 

onderscheiden van controlepersonen maar is minder accuraat in het onderscheiden 

van de mate van ernst van astma (hoofdstuk 2). 

2) Patronen van moleculen in de uitademingslucht onderscheiden patiënten met 

longkanker van patiënten met COPD (chronisch obstructieve longziekte) en ook van 

gezonde controlepersonen (hoofdstuk 3). 

3) Moleculaire patroonherkenning van uitademingslucht kan patiënten correct 

onderscheiden met MPM (Malignant Pleural Mesothelioma) van personen die op 

gelijksoortige manier in aanraking zijn geweest met asbest maar geen MPM 

ontwikkeld hebben, en kan ook correct onderscheiden van gezonde controlepersonen 

(hoofdstuk 4). Cyclopentaan en Cyclohexaan zijn de dominante variabelen die het 

onderscheid tussen de drie groepen mogelijk maken (hoofdstuk 5). 

4) Een elektronische neus kan onbehandelde patiënten met actieve sarcoïdose 

onderscheiden van gezonde controlepersonen (hoofdstuk 6). 

Dit proefschrift heeft een bijdrage geleverd aan het verkennen van de toepassing van 

elektronische neuzen voor de diagnostiek van diverse chronische luchtwegaandoeningen. De 

gegevens van deze studies geven aan dat verdere externe validatie gerechtvaardigd is d.m.v. 

studies met nieuwe patiënten en controlepersonen in andere ziekenhuizen. Daarbij is het 

aanbevolen om de nieuwste sensortechnologie te gebruiken en de STARD richtlijnen te volgen 

voor de validatie van de diagnostische accuratesse. Ook het testen van elektronische neuzen 

bij de nadere classificering (subfenotypering) en de longitudinale monitoring van (co-

morbide) patiënten wordt sterk aanbevolen. 
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