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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 
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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 



 94

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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