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Abstract

:

Breath analysis using eNose technology can be used to discriminate between asthma and COPD patients, but it remains unclear whether results are influenced by smoking status. We aim to study whether eNose can discriminate between ever- vs. never-smokers and smoking <24 vs. >24 h before the exhaled breath, and if smoking can be considered a confounder that influences eNose results. We performed a cross-sectional analysis in adults with asthma or chronic obstructive pulmonary disease (COPD), and healthy controls. Ever-smokers were defined as patients with current or past smoking habits. eNose measurements were performed by using the SpiroNose. The principal component (PC) described the eNose signals, and linear discriminant analysis determined if PCs classified ever-smokers vs. never-smokers and smoking <24 vs. >24 h. The area under the receiver–operator characteristic curve (AUC) assessed the accuracy of the models. We selected 593 ever-smokers (167 smoked <24 h before measurement) and 303 never-smokers and measured the exhaled breath profiles of discriminated ever- and never-smokers (AUC: 0.74; 95% CI: 0.66–0.81), and no cigarette consumption <24h (AUC 0.54, 95% CI: 0.43–0.65). In healthy controls, the eNose did not discriminate between ever or never-smokers (AUC 0.54; 95% CI: 0.49–0.60) and recent cigarette consumption (AUC 0.60; 95% CI: 0.50–0.69). The eNose could distinguish between ever and never-smokers in asthma and COPD patients, but not recent smokers. Recent smoking is not a confounding factor of eNose breath profiles.
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1. Introduction


Asthma and chronic obstructive pulmonary disease (COPD) are complex and heterogeneous chronic airway diseases that include several phenotypes, characterized by different inflammatory pathways [1,2]. The complexity and the heterogeneity of these diseases is due to variability of clinical characteristics, environmental influences, and pathophysiology aspects that are different for each patient [3]. Therefore, there is still a clinical need for new biomarkers to characterize the underlying processes [4].



The study of exhaled breath composition (“breathomics”), could facilitate a phenotyping approach of chronic airway diseases [5]. Exhaled breath is partially composed of volatile organic compounds (VOCs), including exogenous VOCs (e.g., drinks, food, drugs, environment) and endogenous VOCs (e.g., microbiome and body (patho) physiological metabolic processes), which can directly originate from the metabolism of bacteria residing in alveoli, immune cells, etc., and can also diffuse into the bloodstream where they diffuse passively across the capillary/alveolar interface and are subsequently emanated in the exhaled breath with different configurations according to their origin [6,7,8]. The eNose, a non-invasive and rapid technique that is able to detect exhaled VOC patterns, has shown some promise in characterizing asthma and COPD based on inflammatory characteristics and discriminating between patients with asthma, COPD, and lung cancer [9,10].



Exhaled breath measurements are considered a promising diagnostic technique, being easy to perform and potentially giving additional information that may help phenotyping patients, there are still some limitations related to the fact that there are many factors (e.g., diet, smoking, co-morbidities, physical activities, age, gender, pregnancy, and medication use) which could influence the level of individual compounds present in the exhaled breath [11]. Since VOCs are the result of metabolic and inflammatory processes related to (patho) physiological changes that take place in the respiratory tract [12], and smoking contributes to altering these processes in asthma and COPD [13], it is critical to assess the sensitivity of the eNose for the smoking status of patients with chronic respiratory diseases. Therefore, we aimed to investigate whether the eNose is suitable as a non-invasive technique to identify how patients with different smoking habits may respond to smoke exposure and whether smoking has an influence on disease classification. To assess this, in this exploratory analysis, we hypothesized that the eNose is able to distinguish between ever- and never-smokers.



Among patients with asthma and COPD and healthy volunteers, we assessed whether the eNose can accurately discriminate between (1) ever- vs. never-smokers, and (2) smoking less than vs. greater than 24 h before the exhaled breath measurement.




2. Results


2.1. Baseline Characteristics and Study Design


The study subjects selected for the analysis were enrolled from December 2015 through May 2017 across six different sites. Of the included asthma and COPD patients (n = 896) 593 (60.4%) were ever-smokers (237 asthma and 356 COPD) and 303 (33.8%) were never-smokers (295 asthma and 8 COPD). Among the ever-smokers, 167 (28.2%) smoked their last cigarette <24 h before measurement. The healthy control group was composed of 199 ever-smokers (out of which 107 subjects smoked in the last 24 h) and 366 never smokers. Table 1, Table 2 and Table 3 display the baseline clinical (age, body mass index (BMI), gender, medications) and functional (FEV1, FVC, FEV1/FVC) characteristics of the overall population (Table 1), ever-smokers (Table 2), and the healthy controls (Table 3). Ever-smokers had more advanced age and worse lung function (FEV1/ FEV1/FVC). In the asthma and COPD training set, 469 patients were ever-smokers and 247 were never-smokers. In the validation set, 124 patients were ever-smokers and 56 were never-smokers. A flowchart of the study design is presented in Figure 1a. Among the healthy controls, 452 patients were in the training set (160 ever-smokers and 292 never-smokers), and 113 subjects were in the validation set (39 ever-smokers and 74 never-smokers) (Figure 1b).




2.2. The Ability of the eNose to Discriminate a History of Smoking in Asthma and COPD Patients


Out of 13 sensors, three principal components (PCs) were selected that captured 64% of the variance within the dataset of asthma and COPD patients (PC1 37%, PC2 16%, PC3 9%). There was no significant correlation between relevant PCs and ever- or never-smoker patients with asthma or COPD (see Supplementary Material, Figure S1). The ability to classify a history of smoking in patients with asthma or COPD showed reasonable accuracy in the training set (area under the receiver–operator characteristic curve (ROC–AUC) = 0.74, 95% CI = 0.70–0.77), and this accuracy was further confirmed in the validation set (ROC–AUC = 0.75, 95% CI = 0.68–0.82), with 67% of cross-validated grouped cases correctly classified after Leave One Out Cross-Validation (LOO-CV) in both groups (Figure 2a). This was confirmed with a higher accuracy using the number of pack-years among ever-smoker patients in both the training and validation sets (see Supplementary Material, Figure S2a).




2.3. The Ability of the eNose to Discriminate Recent Cigarette Consumption in Asthma and COPD Patients


The eNose could less accurately identify patients with recent last cigarette consumption (<24 h) compared to smoking patients with a cigarette consumption >24 h in both the training and validation sets (ROC–AUC = 0.60; 95% CI = 0.54–0.65; ROC–AUC= 0.55; 95% CI = 0.44–0.67 respectively). eNose was not able to discriminate who smoked their last cigarette before and after 24 h before the visit (Figure 2b) with an accuracy of 51% after LOO-CV in both sets.




2.4. Does Smoking Influence eNose Results?


The same analysis was repeated with the healthy control group. Three PCs (out of 13 sensors) were selected that captured 61% of the variance within the dataset (PC1 34%, PC2 14%, PC3 13%). The eNose was not able to distinguish among ever- and never-smokers in either the training (ROC–AUC: 0.54; 95% CI: 0.49–0.60) or the validation sets (ROC–AUC: 0.56; 95% CI: 0.50–0.69) with an accuracy of 53% after LOO-CV in both groups (Figure 3a). This was confirmed according to the number of pack/years among ever-smokers (see Supplementary Material, Figure S2b). Moreover, the eNose was not able to discriminate between subjects who smoked their last cigarette shorter or longer than 24 h prior to the exhaled breath measurement in both the training and the validation sets (training: area under curve (AUC): 0.60; 95% CI: 0.50–0.69; validation: AUC: 0.60; 95% CI: 0.47–0.70) (Figure 3b).



These results were further confirmed when repeating the analysis sub setting among ever-smoker healthy subjects, current smokers, and ex-smokers. The eNose was not accurate enough to distinguish between ex- (n = 139) and never-smokers (n = 366) in the training or the validation sets (training set AUC: 0.52; 95% CI: 0.46–0.58; validation set AUC: 0.56; 95% CI: 0.46–0.60) (Figure 3c). The eNose did not distinguish between ever-, current- (n = 60), and never-smokers (n = 366) in the training set (AUC: 0.62; 95% CI: 0.51–0.67) or the validation set (AUC: 0.65; 95% CI: 0.53–0.71) (Figure 3d).



Interestingly, the eNose was not able to distinguish between ever- and never-smokers in the asthma group (see Supplementary Material, Figure S3), but it could discriminate the diagnosis of asthma and COPD patients among the ever-smoker population (see Supplementary Material, Figure S4).





3. Discussion


In this study, we demonstrated that the use of the eNose to analyze exhaled breath can discriminate patients with a chronic respiratory disease (asthma or COPD) with and without a smoking history, but we could not make a distinction between smokers that did or did not smoke a cigarette in the last 24 h. We also demonstrated that the eNose is not influenced by smoking history in healthy volunteers; therefore, we can assume smoking may not be considered as a confounder that interferes with eNose measurements. These results were internally validated and were confirmed in an independent validation set.



Exhaled breath measurement by an eNose device has been used as a non-invasive tool for detecting several diseases with screening and diagnostic implications [10,14,15,16]. To our knowledge, this is the first study that evaluates the ability of the eNose to discriminate patients with chronic airway diseases according to their smoking status and the possible detection of the influence of smoking in both pathologies.



We can assume that the association of exhaled breath and eNose signals most likely reflects pathophysiological modifications related to the underlying chronic airway disease and combined airway alterations due to chronic smoking exposure. These results are in line with other studies. In a dual-center study [17] that recruited 222 smokers and non-smokers, with or without COPD, the eNose was able to classify COPD never- and ex-smokers and COPD active-smokers. Interestingly, a proportion of current smokers (9.3%) was misclassified non-smokers according to the analysis of their CO levels, which seems to confirm that, in line with our results, the eNose can distinguish among patients with chronic smoking habits, whereas it is not able to detect smoking in patients depending on the time of last cigarette consumption. Also, Papaefstathiou et al. [18] recently demonstrated that exhaled breath can be used to discriminate between smokers, non-smokers, and e-cigarette users in a population of healthy subjects and, in particular, that relevant VOCs can be identified among these three groups. Moreover, the diagnostic accuracy of exhaled breath analysis, linked to routine spirometry for chronic airway diseases, was previously assessed by De Vries et al. [10]. eNose patterns were found to be predictive for the differential diagnosis of asthma and COPD (AUC 0.88) and, in line with our results, eNose breath profiles did not show any ability to discriminate between current and ex-smokers (AUC 0.52) among patients with COPD, even though ROC analyses showed high accuracy in detecting exacerbations with the population stratified for pack-years [19]. Compared to our results, we are able to moderately distinguish between ever- and never-smokers (AUC 0.74), and we conclude that smoking could play a role in the VOCs contributing to the ability of the eNose to distinguish between asthma and COPD patients, but the eNose likely also detects other pathological factors that may be characteristic for these chronic respiratory diseases.



Furthermore, VOCs have been previously used to discriminate different inflammatory patterns in several chronic respiratory diseases, enabling researchers to obtain subgroups based on molecular characteristics [20,21,22]. Recently, Caruso et al. [23] used metabolomic analysis of VOCs in exhaled breath to identify a “severe asthma smoking phenotype,” showing that, in line with our results, the analysis of VOCs identified differences among severe asthmatic smokers and ex-smokers, compared to never smokers. However, the severe asthmatics with smoking history were almost all ex-smokers, meaning that the differences may not have been related to active smoking, but potentially to the eNose results reflecting damage in the airways caused by smoking in the past [24].



We also considered whether smoking is a confounder of eNose results with respect to chronic respiratory disease phenotypes. We therefore also included data on the healthy controls. Smoking could influence the levels of individual compounds present in the exhaled breath and could therefore hamper the implementation of exhaled breath analysis as a diagnostic tool [25]. To our knowledge, this is the first study that demonstrates that recent or past smoking does not influence breath patterns in healthy subjects, in line with the hypothesis that breath patterns most likely reflect airway alterations caused by past smoking.



The strengths of our study are the relatively large sample size, the BreathCloud cohort, which recruited patients from different centers, obtaining a mixed population resembling the general COPD and asthma population, and the use of standardized methods for the analysis, including the internal and external validations that were performed to support the obtained results. The limitations of our study were that there was no information collected related to passive smoking that may have indirectly influenced never smokers and we had no information related to urinary nicotine concentration, which could be a more accurate measure, but more burdensome for patients [26]. A further limitation of our study is that the eNose can identify patterns of VOC mixture rather than the individual compounds that are driving the signal, even though this characteristic makes eNose breath profiles as suitable as composite multidimensional biomarkers in providing numerical probabilities for the presence or absence of a particular clinical condition [27,28]. On the other hand, the advantages are that this technology is noninvasive, easy to use, and results can be promptly available and interpretable for clinicians.




4. Materials and Methods


4.1. Study Design


We conducted a cross-sectional analysis using exhaled breath and clinical information obtained from the multicenter BreathCloud [9] database. BreathCloud enrolled patients with asthma, COPD, lung cancer, cystic fibrosis, and healthy volunteers from ten different centers in the Netherlands during routine outpatient visits. The following data from medical records collected general characteristics (age, BMI, gender, allergy history) symptoms assessment (asthma control questionnaire (ACQ), clinical COPD questionnaire (CCQ), oral corticosteroid assumption), functional tests (e.g., spirometry pre- and post- bronchodilator) and, among the ever-smokers, whether they smoked before and after 24 h. The exhaled breath measurements were collected in routine clinical practice and were subsequently handled in compliance with the Dutch Personal Data Protection Act (WPB).




4.2. Subject Selection


Patients and healthy controls were enrolled by six centers of primary, secondary and tertiary care in the Netherlands. Patients were included in this analysis if they were ≥18 years old, had a physician-reported diagnosis of asthma or COPD, and had answered the questions about smoking history. Healthy subjects were those who did not report any history of asthma or COPD, and who did not use any respiratory medications. Patients were stratified according to their smoking habits. Patients with a recent history of acute upper or lower respiratory tract infections were excluded because a history of upper [29,30,31] or lower [32,33,34] respiratory infections may influence the quality of breath samplings, and we did not know how much this could interfere with the resulting breath pattern profiles in patients with a diagnosis of asthma and COPD. The purpose of adding the SpiroNose to routine diagnostics was explained to the patients, who all gave their oral consent before enrollment. Due to the non-invasive nature of the BreathCloud study, the Amsterdam UMC medical ethical review board provided a waiver for ethical approval of the protocol (reference: W14_112#14.17.0147). All six sites made use of the same sampling protocol, which was part of the AMC MRB approval no: 14.17.0147.




4.3. Smoking Definitions


Patient-reported smoking history was chosen as an outcome, according to previous studies [35,36] that demonstrated that self-reported smoking is accurate. Smoking status was further divided into ever- and never-smokers; ever-smokers were considered active smokers who currently smoke cigarettes (number of pack/year) and former smokers who had smoked at least 100 cigarettes in their lifetime, but have quit smoking. Never-smokers were patients without any history of smoking habits, or who had smoked fewer than 100 cigarettes in their lifetime. The number of pack-years was calculated as (number of cigarettes smoked per day/20) × number of years smoked.



The second smoking definition was patient-reported recent cigarette smoking, which was defined as having smoked a cigarette in the 24 h prior to the exhaled breath measurement.




4.4. Exhaled Breath Measurements


Exhaled breath samples were collected using the SpiroNose [10]; an eNose composed of seven separate cross-reactive metal oxide semiconductor (MOS) sensors used to detect exhaled breath VOCs while monitoring for ambient VOCs. The SpiroNose comprises 7 different MOS sensors, each present in duplicate in both the reference and the exhaled breath sensor arrays. The MOS sensors (Figaro Engineering Inc., Osaka, Japan) were chosen based on their good stability and long-term performance [37]. MOS sensors operate with temperatures ranging between −40 °C and +70 °C. Using thick film techniques, the sensor material was printed onto electrodes on an alumina substrate. Tin dioxide (SnO2) was the main sensing material of the sensor element [38]. From each sensor signal, two variables were derived. The SpiroNose provided a spectrum of signals representing 13 data points originated by 6 sensor peaks normalized to sensor 2, the most stable sensor, and 7 peak/breath hold ratios. Each SpiroNose sensor signal had a high sensitivity to different mixtures of volatile organic compounds (VOCs)/gases in the exhaled breath and the reference (ambient air) sensor arrays [39].



Before breath measurement, patients had to rinse their mouth thoroughly with water three times, and then perform five tidal breaths, after which they maximally inhaled and held their breath for 5 s before slowly exhaling. The measurement was performed two times, with an interval of two minutes between maneuvers. Data were sent in real-time and stored on the online BreathCloud server.




4.5. Statistical Analysis


A descriptive analysis was performed to generate tables with the general characteristics of the population (Table 1, Table 2 and Table 3, Tables S1 and S2). A chi-squared test was used for categorical variables and a one-way ANOVA test was used for continuous variables. A principal component (PC) analysis was performed to summarize the eNose breath signals. According to the Kaiser criterion [40], all PCs with an eigenvalue >1 were considered for the analysis. PCs were constructed for the overall number of subjects (including both the training and validation sets). Furthermore, a linear discriminant analysis (LDA) was used to determine whether PCs could accurately classify patient-reported smoking history (ever-smokers vs. never-smokers) and, among ever-smokers, recent cigarette consumption (<24 h vs. >24 h). Internal validation was performed with leave-one-out cross-validation and by a split analysis in which the LDA model constructed with the training set was applied to the validation set. The area under the receiver–operator characteristic curve (ROC) was used to assess the accuracy of the models and it was obtained from the prediction made by the LDA model. The dataset was randomly divided into a training set containing 80% of the data (total asthma and COPD group = 716; asthma = 426; COPD = 288; healthy controls = 452) and a validation set including 20% of the data (total asthma and COPD group = 180; asthma = 106; COPD = 74; healthy controls = 113). The model acquired with the training set was used to retrieve similar variables in the validation set. A sensitivity analysis was also performed, using the number of pack-years of the ever-smokers (see Supplementary Materials, Figure S2a,b). Supplementary analyses concerning only the asthma group are reported in the Supplementary Materials (Figure S3); an additional analysis assessing the accuracy of the eNose in distinguishing asthma and COPD among a population of ever-smokers is also reported in Supplementary Materials (Figure S4). Data selected had no missing sensor values in BreathCloud.



The analysis was performed using R studio version 1.1.463 (R Studio Inc., Boston, MA, USA) and using R version 3.5.1 (The R Foundation for Statistical Computing, Vienna, Austria), with packages; dplyr, caret, pROC, and MASS [41,42].





5. Conclusions


We demonstrated that a smoking history might influence eNose breath profiles in patients with chronic airway diseases, while we cannot distinguish patients and healthy subjects according to recent cigarette consumption. This means that we can measure the influence of smoking on airways, but not the cigarette smoke itself. The present findings are in support of the usage of eNose technology as a quick and feasible technique for the diagnosis and phenotyping of chronic airway diseases in a clinical setting.








Supplementary Materials


The following are available online at https://www.mdpi.com/1420-3049/26/5/1357/s1, Figure S1: scatter plot matrices displaying the correlation between each principal component (PC) in a population of ever- or non-smokers in the overall dataset (n = 896): dot plots represent never-smokers and triangles represent ever-smokers. Figure S2a and S2b: ROC analyses showing the accuracy of the linear discriminant model based on principal component reduction in the training set and the independent validation set according to pack-years (less than 5 pack-years, more than 5 pack-years) for (a) the asthma and COPD group (control: <5 pack/years; case: >5 pack/years). Training set: case = 397; control = 297; 95% CI: 0.72–0.78; AUC: 0.76. Validation set: case = 105; control = 72; 95% CI: 0.71–0.84; AUC: 0.76, and (b) for the healthy control group (control: <5 pack/years; case: >5 pack/years). Training set: AUC: 0.56 (95% CI: 0.50–0.61); validation set: AUC: 0.55 (95% CI: 0.58–0.74). Figure S3: A ROC curve showing the accuracy of the linear discriminant model based on principal component reduction in the asthmatic population (training and validation set), to distinguish ever- (n = 237) and never-smokers (n = 295). Training set case = 184; control = 241; AUC: 0.55; 95% CI: 0.49–0.60; validation set case = 53; control = 54; AUC 0.66; 95% CI: 0.56–0.77. Figure S4: ROC curve showing the accuracy of the linear discriminant model based on principal component reduction in the ever-smoker population (training and validation sets), to distinguish between asthma (n = 237) and COPD (n = 356) patients. Training set case = 182; control = 292; AUC: 0.88; 95% CI: 0.85–0.91; validation set case = 55; control = 64: AUC: 0.85; 95% CI: 0.78–0.92. Table S1: demographics of asthma patients stratified by smoking status. Data are expressed in number of patients, mean ± standard deviation or median and range for non-normal distributions. Table S2: demographics of COPD patients stratified by smoking status. Data are expressed in number of patients, mean ± standard deviation or median and range for non-normal distributions.





Author Contributions


Conceptualization, S.P., J.J.M.H.v.B., S.J.H.V. and A.H.M.-v.d.Z.; methodology, C.L, J.J.M.H.v.B., S.J.H.V.; software, S.P., J.J.M.H.v.B., C.L., S.J.H.V. and A.H.M.-v.d.Z.; validation, S.P., J.J.M.H.v.B., S.J.H.V. and A.H.M.-v.d.Z., P.J.S.; formal analysis, S.P., J.J.M.H.v.B., C.L.; investigation, J.J.M.H.v.B., R.d.V., P.J.S.; resources, R.d.V., P.J.S.; data curation S.P., J.J.M.H.v.B., S.J.H.V. and A.H.M.-v.d.Z.; writing—original draft preparation, S.P. and N.S.; writing—review and editing, S.P., J.J.M.H.v.B., C.L., R.d.V., P.J.S., N.S., S.J.H.V., A.H.M.-v.d.Z.; visualization, S.P., J.J.M.H.v.B., S.J.H.V. and A.H.M.-v.d.Z.; supervision, S.J.H.V., A.H.M.-v.d.Z. and N.S.; project administration, S.J.H.V., A.H.M.-v.d.Z. All authors have read and agreed to the published version of the manuscript.




Funding


The first author of the research leading to these results received funding from the SIP/IRS Fellowship 2020. Stefania Principe is the recipient of a SIP/IRS Fellowship 2020.




Institutional Review Board Statement


Due to the non-invasive nature of the BreathCloud study, the Amsterdam UMC medical ethical review board provided a waiver for ethical approval of the protocol (reference: W14_112#14.17.0147).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The data presented in this study are available on request from the corresponding author. The data are not publicly available due to privacy.




Acknowledgments


The authors wish to thank and acknowledge all BreathCloud partners, in particular the staff of Diagnostiek voor U (Eindoven, the Netherlands); Medisch Centrum Den Bosch Oost (’s-Hertogenbosch, the Netherlands); Medisch Spectrum Twente (Enschede, the Netherlands); Franciscus Gasthuis and Vlietland (Rotterdam, the Netherlands); and Amsterdam UMC, locations AMC and VUmc, (Amsterdam, the Netherlands) for their help in the recruitment of the subjects who have been enrolled in this study. Members of the Amsterdam UMC Breath Research Group: Anke H. Maitland-van der Zee, Peter J. Sterk, Paul Brinkman, Anne H. van Stuyvenberg-Neerincx, Cristina Longo, Lieuwe D. Bos, Anirban Sinha, Dominic W. Fenn, Marije Lammers, Levi B. Richards, Job J.M.H. van Bragt, Mahmoud I. Abdel-Aziz, Renate Kos, Yennece W.F. Dagelet, Marcus J. Schultz, Marry R. Smit and Laura A. Hagens (all Amsterdam UMC, University of Amsterdam, Depts of (Pediatric) Respiratory Medicine or Intensive Care Medicine).




Conflicts of Interest


S.P. reports an unrestricted research grant from SIP/IRS Fellowship 2020 during the conduct of the study. J.J.M.H.v.B., C.L., S.J.H.V. and A.H.M.-v.d.Z. have nothing to disclose. R.d.V.is has a considerable interest in the start-up company Breathomix BV. P.J.S. reports being scientific advisor to and having a formally inconsiderable interest in the start-up company Breathomix BV.




Sample Availability


Samples of the compounds are not available from the authors.




References


	



Han, M.L.K.; Agusti, A.; Calverley, P.M.; Celli, B.R.; Criner, G.; Curtis, J.L.; Fabbri, L.M.; Goldin, J.G.; Jones, P.W.; MacNee, W.; et al. Chronic Obstructive Pulmonary Disease Phenotypes: The Future of COPD. Am. J. Respir. Crit. Care Med. 2010, 182, 598–604. [Google Scholar] [CrossRef]

	



Wenzel, S.E. Asthma phenotypes: The evolution from clinical to molecular approaches. Nat. Med. 2012, 18, 716–725. [Google Scholar] [CrossRef]

	



Agusti, A.; Bel, E.; Thomas, M.; Vogelmeier, C.; Brusselle, G.; Holgate, S.; Humbert, M.; Jones, P.; Gibson, P.G.; Vestbo, J.; et al. Treatable traits: Toward precision medicine of chronic airway diseases. Eur. Respir. J. 2016, 47, 410–419. [Google Scholar] [CrossRef] [PubMed]

	



Lötvall, J.; Akdis, C.A.; Bacharier, L.B.; Bjermer, L.; Casale, T.B.; Custovic, A.; Lemanske, R.F., Jr.; Wardlaw, A.J.; Wenzel, S.E.; Greenberger, P.A. Asthma endotypes: A new approach to classification of disease entities within the asthma syndrome. J. Allergy Clin. Immunol. 2011, 127, 355–360. [Google Scholar] [CrossRef]

	



Bos, L.D.; Sterk, P.J.; Fowler, S.J. Breathomics in the setting of asthma and chronic obstructive pulmonary disease. J. Allergy Clin. Immunol. 2016, 138, 970–976. [Google Scholar] [CrossRef]

	



Buszewski, B.; Kęsy, M.; Ligor, T.; Amann, A. Human exhaled air analytics: Biomarkers of diseases. Biomed. Chromatogr. 2007, 21, 553–566. [Google Scholar] [CrossRef]

	



Van de Kant, K.D.G.; van der Sande, L.J.T.M.; Jöbsis, Q.; van Schayck, O.C.P.; Dompeling, E. Clinical Use of Exhaled Volatile Organic Compounds in Pulmonary Diseases: A Systematic Review. Respir. Res. 2012, 13, 1–23. [Google Scholar] [CrossRef]

	



Miekisch, W.; Schubert, J.K.; Noeldge-Schomburg, G.F. Diagnostic potential of breath analysis—focus on volatile organic compounds. Clin. Chim. Acta 2004, 347, 25–39. [Google Scholar] [CrossRef] [PubMed]

	



De Vries, R.; Dagelet, Y.W.; Spoor, P.; Snoey, E.; Jak, P.M.; Brinkman, P.; Dijkers, E.; Bootsma, S.K.; Elskamp, F.; De Jongh, F.H.; et al. Clinical and inflammatory phenotyping by breathomics in chronic airway diseases irrespective of the diagnostic label. Eur. Respir. J. 2018, 51, 1701817. [Google Scholar] [CrossRef]

	



De Vries, R.; Brinkman, P.; Van Der Schee, M.P.; Fens, N.; Dijkers, E.; Bootsma, S.; De Jongh, F.H.C.; Sterk, P.J. Integration of electronic nose technology with spirometry: Validation of a new approach for exhaled breath analysis. J. Breath Res. 2015, 9, 046001. [Google Scholar] [CrossRef]

	



Brinkman, P.; Der Zee, A.-H.M.-V.; Wagener, A.H. Breathomics and treatable traits for chronic airway diseases. Curr. Opin. Pulm. Med. 2019, 25, 94–100. [Google Scholar] [CrossRef] [PubMed]

	



Zarogoulidis, P.; Freitag, L.; Besa, V.; Teschler, H.; Kurth, I.; Khan, A.M.; Sommerwerck, U.; Baumbach, J.I.; Darwiche, K. Exhaled volatile organic compounds discriminate patients with chronic obstructive pulmonary disease from healthy subjects. Int. J. Chronic Obstr. Pulm. Dis. 2015, 10, 399–406. [Google Scholar] [CrossRef]

	



Tamimi, A.; Serdarevic, D.; Hanania, N.A. The effects of cigarette smoke on airway inflammation in asthma and COPD: Therapeutic implications. Respir. Med. 2012, 106, 319–328. [Google Scholar] [CrossRef]

	



Meerbeeck, J.V.; Lamote, K. Screening Tools for a High Risk Population-Can We Screen for Early Mesothelioma? J. Thorac. Oncol. 2013, 8, S107–S108. [Google Scholar]

	



Fens, N.; Gaarthuis, Y.; Bos, A.C.; Schlosser, N.J.J.; Sterk, P.J. Exclusion of Asthma for Screening Purposes Using Exhaled Air Molecular Profiling by Electronic Nose. Eur. Respir. J. 2011, 38, 4168. [Google Scholar]

	



Hubers, A.J.; Brinkman, P.; Boksem, R.J.; Rhodius, R.J.; Witte, B.I.; Zwinderman, A.H.; Heideman, D.A.M.; Duin, S.; Koning, R.; Steenbergen, R.D.M.; et al. Combined sputum hypermethylation and eNose analysis for lung cancer diagnosis. J. Clin. Pathol. 2014, 67, 707–711. [Google Scholar] [CrossRef] [PubMed]

	



Gaida, A.; Holz, O.; Nell, C.; Schuchardt, S.; Lavae-Mokhtari, B.; Kruse, L.; Boas, U.; Langejuergen, J.; Allers, M.; Zimmermann, S.; et al. A dual center study to compare breath volatile organic compounds from smokers and non-smokers with and without COPD. J. Breath Res. 2016, 10, 026006. [Google Scholar] [CrossRef] [PubMed]

	



Papaefstathiou, E.; Stylianou, M.; Andreou, C.; Agapiou, A. Breath analysis of smokers, non-smokers, and e-cigarette users. J. Chromatogr. B 2020, 122349. [Google Scholar] [CrossRef]

	



Van Bragt, J.J.; Brinkman, P.; De Vries, R.; Vijverberg, S.J.; Weersink, E.J.; Haarman, E.G.; De Jongh, F.H.; Kester, S.; Lucas, A.; in’t Veen, J.C.C.M.; et al. Identification of recent exacerbations in COPD patients by electronic nose. ERJ Open Res. 2020, 6. [Google Scholar] [CrossRef]

	



Brinkman, P.; Wagener, A.H.; Bansal, A.T.; Knobel, H.H.; Vink, T.J.; Rattray, N.; Santonico, M.; Pennazza, G.; Montuschi, P.; Fowler, S.J.; et al. Electronic Noses Capture Severe Asthma Phenotypes by Unbiased Cluster Analysis. Am. J. Respir. Crit. Care Med. 2014, 189, A2171. [Google Scholar]

	



De Groot, J.C.; Amelink, M.; Storm, H.; Reitsma, B.H.; Bel, E.; Ten Brinke, A. Identification of Three Subtypes of Non-Atopic Asthma Using Exhaled Breath Analysis by Electronic Nose. Am. Thorac. Soc. 2014, 189, A2170. [Google Scholar]

	



Fens, N.; De Nijs, S.B.; Peters, S.; Dekker, T.; Knobel, H.H.; Vink, T.J.; Willard, N.P.; Zwinderman, A.H.; Krouwels, F.H.; Janssen, H.-G.; et al. Exhaled air molecular profiling in relation to inflammatory subtype and activity in COPD. Eur. Respir. J. 2011, 38, 1301–1309. [Google Scholar] [CrossRef] [PubMed]

	



Caruso, M.; Emma, R.; Brinkman, P.; Sterk, P.J.; Bansal, A.T.; De Meulder, B.; Lefaudeux, D.; Auffray, C.; Fowler, S.J.; Rattray, N.; et al. Volatile Organic Compounds Breathprinting of U-BIOPRED Severe Asthma smokers/ex-smokers cohort. Airw. Cell Biol. Immunopathol. 2017, 50, PA2018. [Google Scholar] [CrossRef]

	



Thomson, N.C. Asthma and smoking-induced airway disease without spirometric COPD. Eur. Respir. J. 2017, 49, 1602061. [Google Scholar] [CrossRef] [PubMed]

	



Bosch, S.; Lemmen, J.P.M.; Menezes, R.; Van Der Hulst, R.; Kuijvenhoven, J.; Stokkers, P.C.F.; De Meij, T.G.J.; De Boer, N.K. The influence of lifestyle factors on fecal volatile organic compound composition as measured by an electronic nose. J. Breath Res. 2019, 13, 046001. [Google Scholar] [CrossRef] [PubMed]

	



Pinheiro, G.P.; De Souza-Machado, C.; Fernandes, A.G.O.; Mota, R.C.L.; Lima, L.L.; Vasconcellos, D.D.S.; Júnior, I.P.D.L.; Silva, Y.R.D.S.; Lima, V.B.; De Oliva, S.T.; et al. Self-reported smoking status and urinary cotinine levels in patients with asthma. J. Bras. Pneumol. 2018, 44, 477–485. [Google Scholar] [CrossRef] [PubMed]

	



Farraia, M.V.; Rufo, J.C.; Paciência, I.; Mendes, F.; Delgado, L.; Moreira, A. The electronic nose technology in clinical diagnosis: A systematic review. Porto Biomed. J. 2019, 4, e42. [Google Scholar] [CrossRef] [PubMed]

	



De Vries, R.; Sterk, P.J. ENose Breathprints as Composite Biomarker for Real-Time Phenotyping of Complex Respiratory Diseases. J. Allergy Clin. Immunol. 2020, 146, 995–996. [Google Scholar] [CrossRef]

	



Preti, G.; Thaler, E.; Hanson, C.W.; Troy, M.; Eades, J.; Gelperin, A. Volatile compounds characteristic of sinus-related bacteria and infected sinus mucus: Analysis by solid-phase microextraction and gas chromatography–mass spectrometry. J. Chromatogr. B 2009, 877, 2011–2018. [Google Scholar] [CrossRef]

	



Thaler, E.R.; Hanson, C.W. Use of an Electronic Nose to Diagnose Bacterial Sinusitis. Am. J. Rhinol. 2006, 20, 170–172. [Google Scholar] [CrossRef] [PubMed]

	



Dutta, R.; Dutta, R. Intelligent Bayes Classifier (IBC) for ENT infection classification in hospital environment. Biomed. Eng. Online 2006, 5, 65. [Google Scholar] [CrossRef]

	



Hanson, C.W.; Thaler, E.R. Electronic Nose Prediction of a Clinical Pneumonia Score: Biosensors and Microbes. Anesthesiologists 2005, 102, 63–68. [Google Scholar] [CrossRef]

	



Hockstein, N.G.; Thaler, E.R.; Lin, Y.; Lee, D.D.; Hanson, C.W. Correlation of Pneumonia Score with Electronic Nose Signature: A Prospective Study. Ann. Otol. Rhinol. Laryngol. 2005, 114, 504–508. [Google Scholar] [CrossRef] [PubMed]

	



Hockstein, N.G.; Thaler, E.R.; Torigian, D.; Miller, W.T.; Deffenderfer, O.; Hanson, C.W. Diagnosis of Pneumonia With an Electronic Nose: Correlation of Vapor Signature With Chest Computed Tomography Scan Findings. Laryngoscope 2004, 114, 1701–1705. [Google Scholar] [CrossRef] [PubMed]

	



Hilberink, S.R.; E Jacobs, J.; Van Opstal, S.; Van Der Weijden, T.; Keegstra, J.; Kempers, P.L.; Muris, J.W.; Grol, R.P.; De Vries, H. Validation of smoking cessation self-reported by patients with chronic obstructive pulmonary disease. Int. J. Gen. Med. 2011, 4, 85–90. [Google Scholar] [CrossRef]

	



Hirvonen, E.; Stepanov, M.; Kilpeläinen, M.; Lindqvist, A.; Laitinen, T.; Stepanov, M. Consistency and reliability of smoking-related variables: Longitudinal study design in asthma and COPD. Eur. Clin. Respir. J. 2019, 6, 1591842. [Google Scholar] [CrossRef] [PubMed]

	



Romain, A.; Nicolas, J. Long term stability of metal oxide-based gas sensors for e-nose environmental applications: An overview. Sensors Actuators B: Chem. 2010, 146, 502–506. [Google Scholar] [CrossRef]

	



Ibrahim, M.I.A.; Brinkman, P.; Vijverberg, S.J.H.; Neerincx, A.H.; Hashimoto, S.; De Vries, R.; Dagelet, Y.W.; Knipping, K.; Sterk, P.J.; Kraneveld, A.D.; et al. eNose breathprints as surrogate biomarkers for classifying asthma patients by atopy. Allergy Immunol. 2019, 54. [Google Scholar]

	



Kaiser, H.F. The Application of Electronic Computers to Factor Analysis. Educ. Psychol. Meas. 1960, 20, 141–151. [Google Scholar] [CrossRef]

	



Robin, X.A.; Turck, N.; Hainard, A.; Tiberti, N.; Lisacek, F.; Sanchez, J.-C.; Muller, M.J. pROC: An open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinform. 2011, 12, 77. [Google Scholar] [CrossRef] [PubMed]

	



Kuhn, M. Building Predictive Models inRUsing thecaretPackage. J. Stat. Softw. 2008, 28, 1–26. [Google Scholar] [CrossRef]

	



Venables, W.N.; Ripley, B.D. Modern Applied Statistics with S, 4 ed.; Springer: New York, NY, USA, 2002. [Google Scholar]








[image: Molecules 26 01357 g001 550] 





Figure 1. Flowchart of the study design of the asthma and COPD group (a), and healthy controls (b). 






Figure 1. Flowchart of the study design of the asthma and COPD group (a), and healthy controls (b).



[image: Molecules 26 01357 g001]







[image: Molecules 26 01357 g002 550] 





Figure 2. ROC analyses showing the accuracy of the linear discriminant model based on principal component (PC) reduction in the training set and the independent validation set for the asthma and COPD group. (a) Ever-smokers with asthma and COPD: training set (n = 469) 95% CI: 0.70–0.77 area under curve (AUC): 0.74; validation set (n = 124) 95% CI: 0.68–0.82 AUC: 0.75. (b) Time of last cigarette assumption in asthma and COPD patients (control: more than 24 h; case: less than 24 h): training set case = 127; control = 583; 95% CI: 0.54–0.65; AUC: 0.60; validation set case = 40; control = 84; 95% CI: 0.44–0.67; AUC: 0.55. 
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Figure 3. ROC analyses showing the accuracy of the linear discriminant model based on principal component reduction in the training set and the independent validation set for the healthy control group. (a) Ever-smokers in healthy subjects: training set (n = 452) AUC: 0.54 (95% CI: 0.49–0.60); validation set (n = 113) AUC: 0.60 (95% CI: 0.50–0.69). (b) Time of last cigarette consumption in healthy subjects (control: more than 24h; case: less than 24h) training set (n = 160) AUC: 0.60 (95% CI: 0.50–0.69); validation set (n = 39) AUC: 0.60 (95% CI: 0.42–0.70). (c) Ex- (n = 139) and never-smokers (n = 366): training set (ex-smokers = 116; never-smokers = 292), AUC: 0.52 (95% CI: 0.46–0.58); validation set (ex-smokers = 23; never-smokers = 74) AUC: 0.56 (95% CI: 0.46–0.60). (d) Active (n = 60) and never smokers (n = 366): training set (active smokers = 44; never-smokers = 292) AUC: 0.62 (95% CI: 0.51–0.67); validation set (active smokers = 16; never smokers = 74) AUC: 0.65 (95% CI: 0.53–0.71). 
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Table 1. Demographics of asthma and chronic obstructive pulmonary disease (COPD) patients stratified by smoking status. Data are expressed in number of patients, mean ± standard deviation or median and range for non-normal distributions.
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	Asthma and COPD Patients
	Ever Smokers (n = 593)
	Never Smokers (n = 303)
	p-Value





	Age (mean (SD))
	60.99 (13.38)
	48.46 (18.04)
	<0.001



	BMI (mean (SD))
	27.78 (5.82)
	26.95 (6.69)
	0.055



	Gender = M/F (%)
	48.6/51.4
	37.3/62.7
	0.002



	Allergy = Yes/No (%)
	42.0/58.0
	69.6/30.4
	<0.001



	FEV (mean (SD)) (l)
	2.04 (0.89)
	2.62 (0.93)
	<0.001



	FVC (mean (SD)) (l)
	3.41 (1.07)
	3.66 (1.13)
	0.002



	FEV1/FVC (mean (SD)) (%)
	56 (16)
	70 (14)
	<0.001



	FEV1 pred (mean (SD)) (%)
	70.93 (23.81)
	86.14 (21.74)
	<0.001



	ACQ (median [IQR])
	1.60 [0.86, 2.50]
	1.43 [0.71, 2.29]
	0.208



	CCQ (median [IQR])
	1.00 [0.00, 2.30]
	0.00 [0.00, 0.00]
	<0.001



	Current use of ICS = No/Yes (%)
	27.8/72.2
	15.5/84.5
	<0.001



	Oral corticosteroids (%)
	
	
	0.780



	Current use
	2.4
	1.7
	



	Previous use
	10.3
	10.6
	



	No
	87.4
	87.8
	







BMI: body mass index; ACQ: asthma control questionnaire; CCQ: clinical COPD questionnaire; ICS: inhaled corticosteroids.
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Table 2. Clinical characteristics of patients with recent cigarette consumption. Data are expressed in number of patients, mean ± standard deviation or median and range for non-normal distributions.
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	Ever Smokers (n = 593)
	<24 h (n = 167)
	>24 h (n = 426)
	p-Value





	Age (mean (SD))
	56.98 (14.97)
	60.83 (13.57)
	<0.001



	BMI (mean (SD))
	26.63 (5.76)
	27.75 (5.80)
	0.114



	Gender = M/F (%)
	47.9/52.1
	27.7/72.3
	0.001



	FEV1 (mean (SD)) (l)
	2.03 (0.87)
	2.05 (0.90)
	<0.001



	FVC (mean (SD)) (l)
	3.37 (1.05)
	3.41 (1.08)
	<0.001



	FEV1/FVC (mean (SD)) (%)
	56 (16)
	56 (16)
	<0.001



	FEV1 pred (mean (SD)) (%)
	68.82 (21.79)
	70.99 (23.83)
	<0.001



	Pack/year (median [IQR])
	30.00 [17.00, 48.00]
	25.00 [10.95, 41.25]
	<0.001



	ACQ (median [IQR])
	1.86 [1.14, 2.86]
	1.60 [0.88, 2.50]
	0.010



	CCQ (median [IQR])
	1.40 [0.00, 2.55]
	1.00 [0.00, 2.30]
	<0.001







BMI: body mass index; ACQ: asthma control questionnaire; CCQ: clinical COPD questionnaire.
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Table 3. Demographics of healthy subjects stratified by smoking status. Data are expressed in number of patients, mean ± standard deviation.
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	Ever Smokers (n = 199)
	Never Smokers (n = 366)
	p-Value





	Age (mean (SD))
	46.95 (15.29)
	35.67 (14.05)
	<0.001



	BMI (mean (SD))
	26.02 (4.86)
	23.72 (3.65)
	<0.001



	Gender = M/F (%)
	72/127 (36.2/63.8)
	127/239 (34.7/ 65.3)
	0.795



	FEV1(%) (mean (SD))
	89.17(12.43)
	92.08 (15.39)
	<0.001



	FEV1/VC (%) (mean (SD))
	91.96 (12.26)
	94.88(14.53)
	<0.001



	Last cigarette (%)
	
	
	<0.001



	<24 h
	107 (53.7)
	0
	



	>24 h
	92 (46.2)
	0
	



	Pack/years (mean (SD))
	15.77 (19.20)
	0
	<0.001
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