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Abstract

:

Chronic obstructive pulmonary disease (COPD) is a common progressive disorder of the respiratory system which is currently the third leading cause of death worldwide. Exhaled breath analysis is a non-invasive method to study lung diseases, and electronic noses have been extensively used in breath research. Studies with electronic noses have proved that the pattern of exhaled volatile organic compounds is different in COPD. More recent investigations have reported that electronic noses could potentially distinguish different endotypes (i.e., neutrophilic vs. eosinophilic) and are able to detect microorganisms in the airways responsible for exacerbations. This article will review the published literature on electronic noses and COPD and help in identifying methodological, physiological, and disease-related factors which could affect the results.
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1. Chronic Obstructive Pulmonary Disease


Chronic obstructive pulmonary disease (COPD) is a common disorder of the respiratory system which is characterised by a progressive airflow limitation caused by exposure to noxious particles, usually tobacco smoke, in susceptible individuals [1]. However, other factors, such as premature birth, frequent childhood infections, asthma, or passive smoking, could also contribute to COPD [1]. The disease may affect the large airways, respiratory bronchioles, and lung parenchyma, however the extent of the involvement of different lung regions may vary [2] (Figure 1).



Large airway disease is characterised by mucus hypersecretion, ciliary and epithelial dysfunction, mucosal and submucosal inflammation, as well as enhanced bronchial blood flow. Patients may present with symptoms of chronic productive cough or chronic bronchitis. Most of these patients have small airway disease, which is characterised by airway inflammation, peribronchial fibrosis, and subsequent small airway narrowing. Parenchymal involvement is termed emphysema, and it is characterised by progressive loss of the lung tissue, impaired oxygen intake, and carbon dioxide removal. People with small airway disease and emphysema often complain of progressive shortness of breath. Although widely recognised as a progressive disease, the activity of disease varies largely between patients. Around half of patients have a rapid (≥50 mL/year loss) decline in forced expiratory volume in the first second (FEV1), a marker quantifying airway obstruction [3], and around 30% are prone to acute exacerbations, major events leading to health deterioration and associated with high healthcare burden and mortality [4].



COPD is diagnosed based on medical history, symptoms, and lung function showing fixed airflow obstruction. Although the diagnosis, especially the differential diagnosis from other lung diseases (i.e., asthma, bronchiectasis), is sometimes difficult, in most cases it can be made based on simple and cheap pulmonary function tests. It is important to have reliable biomarkers which could differentiate patients with eosinophilic airway inflammation and reflect on disease activity (i.e., predict lung function decline and future exacerbations). This is essential clinical information, as inhaled corticosteroids (ICS) seem to be more effective in patients with raised airway eosinophils [5], as well as patients with a high exacerbation burden [6]. On the other hand, in some patients recurrent exacerbations are maintained by colonising bacteria and patients may benefit from prophylactic antibiotic treatment [7]. Hence, biomarkers reflecting on bacterial colonisation and specifying bacteria would have significant clinical value. Similar to stable disease, acute exacerbations are also heterogeneous and patients may benefit from tailored treatment depending on the inflammatory profile [8] and infectious cause [9].



Exhaled breath analysis is a widely used technique for investigating airway diseases. It is totally harmless, and therefore can be performed even in very frail patients and during acute breathlessness, such as in exacerbation. Therefore, it has a great yet not fully explored clinical potential to distinguish patients with different inflammatory endotypes and airway microbiology. One of the most important limiting factors is the lack of standardisation [10] and the effect of various endogenous (airway calibre, comorbidities, etc.) and exogenous factors (diet, smoking, pollution) which may limit their use. Traditionally, techniques assessing breath biomarkers are divided into methods investigating volatile and non-volatile particles [10] and the measurement of breath temperature [11]. In this review, we will focus on the measurement of volatile organic compounds (VOCs) using electronic noses in COPD.




2. The Role of Electronic Noses in Breath Research


Exhaled breath contains thousands of VOCs usually in pico or nanomolar concentrations. The origin of these molecules is two-fold. Some of them are inhaled from the environment and exhaled later. Environmental molecules may also be absorbed in the human body, react with endogenous VOCs, or induce altered production of endogenous molecules. Another group of VOCs is released by the human body, including cells of the respiratory tract reflecting on their metabolism. The release of some of these endogenous volatile molecules is induced by inflammation and oxidative stress [12].



The precise detection and quantification of these molecules involves gas-chromatography mass-spectrometry (GC-MS). However, GC-MS is expensive, uses bulky equipment, and requires special expertise. Electronic noses are a relatively cheap and easy-to-use alternative to GC-MS [13]. These devices are composites of a sensor array and an in-built processor, and their function resembles that of biological olfaction receptors, as they are unspecific to single molecules and, upon activation by an odour, create a signal pattern. Electronic noses therefore cannot identify individual molecules but are able to compare and discriminate exhaled samples based on their molecular pattern, which is often called a “breathprint”.



Because individual VOCs generating a “breathprint” are not characterised during the analysis, it is essential to exclude environmental factors leading to altered VOC levels. As a first step, subjects are asked to avoid consuming food and beverages, not to smoke, and to refrain from physical exercise prior to breath collection. It is good practice if these events are recorded in a clinical research form together with the last medication taken. This may help in identifying outliers in the final analysis. Exhaled breath should be collected in a standardised way, either by a single expiratory method or a multiple breath technique, with custom-made or commercially available sampling devices [10]. The breath sample could be collected directly into disposable collection bags (e.g., polyethylene, Nalophan, Tedlar, Mylar, etc.) or canisters made of inert material or pre-concentrated into adsorbent cartridges (e.g., Breath Biopsy Cartridges, Tenax GR®) [14]. The stability of VOCs declines within hours and strongly depends on the material of the collection bags [15,16,17,18], therefore an immediate analysis is suggested following collection. The advantage of Tenax tubes is that they allow transportation and delayed measurement. Although storage and transportation in sorbent tubes significantly affected the “breathprint”, it did not influence the discrimination potential of an electronic nose to differentiate asthma and health [19]. A novel method has been introduced lately to analyse the “breathprint” directly during a single expiratory manoeuvre [20].



Breath collection is followed by the electronic nose analysis. Various electronic noses have been used in the field of breath research, including those based on conducting polymer sensor arrays (i.e., Cyranose 320) [21], metal oxides (i.e., Aeonose, Spironose) [22], nanomaterials [23], quartz microbalance (i.e., BIONOTE) [24], as well as colorimetric sensors [25]. All these devices are made of sensors able to interact with VOCs and generate electrical signals, however the mechanism underpinning the interaction is specific to the used array (e.g., piezoelectric effect for quartz microbalance electronic nose or oxidation for metal oxide devices). There is a difference between these sensor systems in terms of the sensitivity and selectivity to different VOCs, the stability of the sensor signal, and the effect of environmental factors such as temperature and humidity [14]. These differences need to be taken into account when comparing data originating from different sensor systems. Finally, sensor signals are integrated into a “breathprint”, which can be analysed with complex discrimination techniques. The exhaled breath sampling and analysis is summarised in Figure 2.



A common technical challenge which may affect the electronic nose measurements is the temporal drift of the sensors, which means that the steady state of the sensor responses changes over the time of usage. This drift can be divided into short- and long-term components. For conducting polymer sensors, the failure of the detachment of VOCs from the sensors or inability to regain the baseline conformation may contribute to short-term drift, which means that electronic nose measurements may influence the subsequent ones [26]. The oxidation of the polymers contributes to the long-term drift [27]. Exposing Cyranose 320, a commercially available electronic nose based on a conducting polymer sensor array, to methanethiol for 8 days resulted in a considerable sensor drift [28]. It was shown that even for VOCs with a low concentration, the calibration of the entire array response could be re-established robustly with the use of carefully chosen calibrants [21,29,30]. Another analytical method to normalise drift in complex sensor arrays could be orthogonal partial least squares normalisation [31]. A study by Bos et al. reported a significant sensor drift over 1 year, and the authors suggested transformation into standardised residuals by linear regression to normalise this [32]. The reproducibility of quartz microbalance sensors has been investigated in healthy subjects and COPD patients simultaneously by Incalzi et al. [33]. The authors found that the reproducibility was better in healthy subjects than in COPD, concluding that the variability of the disease, rather than sensor drift, is responsible for the variation in data [33]. Sensor drift has been noticed for metal oxide sensors as well [34]. Jaeschke et al. explored various statistical methods, including linear discriminant analysis (LDA), partial least squares discriminant analysis (PLS-DA), and direct orthogonalisation, and found that PLS-DA was particularly useful for correction [34]. The humidity of exhaled breath samples may contribute to sensor drift for gold nanoparticle-based sensor systems [34]. A compensation method based on relative humidity sensors has been proposed to address this issue [34]. Instrumental drift has been reported even for GC-MS [35]. Rodriguez-Perez et al. applied filtering and additive, multiplicative, and multivariate drift corrections and was able to improve the classification of COPD subjects based on exhaled breath analysis [35]. For a detailed description of the electronic nose technology in breath research, we refer to previously published review articles [13,14,21,23,27,36,37,38,39,40,41].



Another important aspect is the data analysis, as it involves complex pattern recognition and comparative statistical methods [42]. Not surprisingly, the results may be very different based on which method is used [43]. There is no single, recommended statistical method to be used in breath analyses [10], however the European Respiratory Society’s statement recommended careful pre-processing, normalisation, and environmental correction as part of the analysis as well as the validation of the results by an independent cohort [10]. Smolinska et al. summarised the normalisation and pre-processing techniques for exhaled breath analysis [44] with a detailed description of their advantages and drawbacks. Environmental contamination removal can be achieved with an analysis of the alveolar gradient by sampling the environment together with the actual breath sample [20].




3. Altered Production and Kinetics of Exhaled VOCs in COPD


Patients with COPD are usually middle-aged and elderly, and they tend to lose skeletal muscle with the progression of their disease. Therefore, the exhaled levels of those volatile organic compounds which are affected by age and metabolism, such as isoprene, acetone, and alkanes [45,46] may be compromised not by the disease but by senescence. Isoprene and acetone are found in relatively high concentrations in exhaled breath compared to other VOCs, and therefore these can contribute to the unspecific E-nose pattern significantly. Having said this, the E-nose pattern was found to be related to age in previous studies [47,48]. However, other reports found no influence of age on electronic noses to discriminate people with obstructive airway disease from healthy controls [49,50]. Patients with COPD may have an altered lifestyle, including regular exercise and diet [51]. Indeed, a study by Gaida et al. reported that the differences in VOC profiles between two groups of COPD patients sampled in different German cities could be due to lifestyle-related factors [52], however environmental factors, such as air pollution, could also contribute [53]. A number of studies have reported altered exhaled VOC profile associated with the consumption of certain foods and beverages [54,55,56]. In addition, exercise could alter “breathprint”, likely due to increased metabolism and oxidative stress in the airways as well as increased cardiac output [57,58,59]. However, in patients with COPD, the liberation of VOCs may be compromised due to dynamic hyperinflation during exercise. A relationship between exercise tolerance and the profile of exhaled VOCs has been previously reported [60]. The effect of gender on the composition of the exhaled VOC profile is less evident [55,61,62]. As alterations in exhaled “breathprint” may be related to hormonal changes rather than biological gender [63,64], this has to be investigated in women with COPD separately, as in most cases the disease is diagnosed post-menopause.



The release of blood-borne volatile compounds into exhaled breath depends on the alveolo-capillary barrier, which may be destroyed in patients with emphysema. This factor may need to be taken into account when interpreting VOC results. Emphysema could also lead to significant ventilation-perfusion heterogeneity and the collapse potential of the small airways. Therefore, even during normal exhalation, VOCs originating from peripheral airways may entrap, which could contribute to their ultimate concentration in exhaled breath. In line with this, certain VOCs have been associated with the extent of emphysema and low diffusion capacity, as well as airflow limitation in patients with COPD [65]. A relationship between airway calibre and “breathprint” obtained with an electronic nose has been shown by some [47], but not all [66] studies. Focusing on COPD, a significant correlation was reported between the lung function and electronic nose results obtained by the quartz microbalance sensor array [33].



COPD is characterised by airflow limitation, which could influence the levels of exhaled VOCs, especially if they are collected with an uncontrolled single expiratory manoeuvre. In addition, some VOCs such as ethanol may be released from the bronchial circulation, and their diffusion to the airway lumen is hampered in bronchial thickening [67]. This is further complicated during acute exacerbations, which are characterised by mucus hypersecretion (leading to a longer diffusion time from the bronchial circulation) and an increase in bronchial circulation (causing an increased release of VOCs) [2]. Theoretically, the exhalation flow rate may influence the concentrations of those exhaled VOCs which are produced in the airways [47]. In line with this, the levels of exhaled VOCs such as acetone [68], ethanol [54], isoprene [69,70], and pentane [69], as well as the whole “breathprint” [20], were influenced by exhalation flow, and different exhalation flow rates affected the utility of the electronic nose to diagnose lung cancer [47]. However, it is unclear how this affects the electronic nose results in COPD. As ventilation heterogeneity—more particularly, the opening and closing of the peripheral airways—may show inter-breath variability, and because of the expiratory flow dependency of exhaled VOC levels, the volume-targeted multiple breath collection method may be preferable to the single-exhalation technique in COPD (Figure 3).



The liberation of VOCs into exhaled breath and their entrapment into the airway lining fluid (ALF) is strongly affected by the temperature and acidity of the ALF. For instance, a significant relationship was reported between the “breathprint” obtained by the electronic nose and the pH of the exhaled breath condensate [59]. As the bronchial temperature [11] and acidity [71] may be different in COPD, this effect needs to be considered when interpreting the VOC results.



Finally, the exhaled compounds may originate from within the gastrointestinal tract. In line with this, a previous study found that gastro-oesophageal reflux disease can affect the “breathprint” in COPD [72].




4. Exhaled VOCs in Relation to Inflammation and Microbiome in COPD


It is well known that the inflammatory response in COPD is largely neutrophilic, but can also involve eosinophils to a lesser extent [71,73]. The presence and activity of inflammatory cells differ among patients subgroups and may be related to diverse pathophysiological pathways within the disease [74,75]. Biomarkers which reflect the inflammatory endotype of patients with COPD can help in a more effective tailored therapy, since a better response to corticosteroids in COPD with a higher presence of eosinophils has been clearly shown [76,77,78].



Several studies have demonstrated that there is an association between exhaled VOCs and the presence of inflammatory cells in subjects affected by COPD [65,79,80,81]. Fens et al. showed that exhaled VOCs are associated with differential sputum cell counts and soluble sputum markers of activated neutrophils and eosinophils in mild and moderate COPD, suggesting the potential of “breathprint” as a non-invasive biomarker in relatively early stages of COPD [79]. Furthermore, studies with GC-MS reported numerous VOCs linked with sputum inflammatory cells [65,80]. In particular, Schleich et al. identified VOCs discriminating between eosinophil and neutrophil cell cultures, regardless of their activation status [80]. Interestingly, Basanta et al. detected other types of VOCs which were able to distinguish between patients with COPD and healthy controls as well as to discriminate among subgroups of clinical interest, such as smokers with COPD versus asymptomatic smokers, and COPD subjects with higher sputum eosinophils or those with frequent exacerbations [65]. Moreover, de Vries et al. analysed exhaled VOCs with an electronic nose, showing an adequate prediction of blood eosinophils and neutrophils count in a pooled cohort of patients with asthma and COPD, irrespective of their underlying disease [81]. These results are very similar to those in asthma, where the electronic nose response not only correlated with bronchoalveolar lavage eosinophils [82], but was able to discriminate the eosinophilic, neutrophilic, and paucigranulocytic sputum profile [83]. However, despite promising studies indicating a significant correlation between exhaled VOCs and the presence of inflammatory cells in blood or sputum, the validation of results is yet to be achieved.



Numerous studies have compared the exhaled VOCs of COPD patients during exacerbations and stable disease [84,85,86,87]. Using GC-MS, Pizzini et al. discriminated patients with acute COPD exacerbation from individuals with stable COPD as well as healthy controls. Following the exclusion of VOCs associated with smoking and those with high environmental concentration, they built a model based on a limited number of VOCs. The performance of this VOC pattern was superior to the C-reactive protein levels in discriminating stable and exacerbated patients [84]. Similarly, Gaugg et al. [85] showed that a profile of certain VOCs identified by GC-MS was different between frequent and non-frequent exacerbators at clinical stability, suggesting the potential of using breathomics for subphenotyping patients with COPD. Van Velzen et al. recruited patients with COPD at their stable state and followed them up at exacerbation and recovery. Breath samples were analysed with GC-MS and a platform of four electronic noses. The electronic nose platform was able to discriminate exacerbations from stable state as well as recovery with a cross-validated accuracy of 0.75, a sensitivity of 0.79, and a specificity of 0.71, without finding significant differences between baseline and recovery [86]. These results highlight the merit of VOC analysis in the follow-up of patients with COPD, as mild to moderate exacerbations are often difficult to diagnose due to the natural variability of the disease [1].



Due to compromised immune system as well as frequent steroid use, the airways of patients with COPD are often colonised by bacteria and fungi. These are associated with unique VOC patterns [88]. Using Cyranose 320 and LDA, Shafiek et al. demonstrated that the e-nose discriminates COPD exacerbation triggered by infections from non-infective exacerbations with an accuracy of 0.75 [87] and exacerbations from pneumonia with an accuracy 0.86–0.88, a sensitivity of 0.85–0.91, and a specificity of 0.86–0.75, depending on the presence of potentially pathogen microorganisms [87], allowing a timely and tailored antibiotic treatment. This accuracy is in line with another study where an electronic nose could discriminate viral and bacterial infection-induced exacerbation with an area under the receiver operating characteristic (ROC) curve (AUROC) of 0.74 [89]. Analysing the breath samples of 37 patients with COPD with the Cyranose 320 device, Sibila et al. concluded that patients with bacterial colonisation have a different “breathprint” [90]. More particularly, principal component analysis followed by ROC analysis showed an excellent classification (AUROC of 0.94). This study highlights the possibility of using electronic noses to identify patients who may benefit from a preventive antibiotic treatment.




5. The Effect of Smoking on Exhaled VOCs in COPD


Cigarette smoke is a mixture of more than 5000 chemical compounds, among which hundreds have toxic and/or carcinogenic effects [91]. A number of studies have shown that VOCs profiles are significantly influenced by smoking behaviour [49,52,53,92,93]. It must be recognised that the exhaled VOCs of current smokers can be influenced in two ways. First, VOCs may directly derive from the cigarette. In line with this, different exhaled compounds were identified and directly correlated with smoking status, smoking intensity, years of smoking, and depth of inhalation [94]. Moreover, strong differences were observed in the VOC composition of tobacco cigarette smokers and exhaled breath in the comparison with that of electronic cigarette smokers [95]. Such a direct influence on the exhaled VOC composition may be mitigated by asking patients to abstain from smoking for a certain period before sampling exhaled breath. It seems that a two-hour period may suffice to reduce the influence of smoking [38]. It is well known that cigarette smoke promotes oxidative stress in the human body by augmenting the number of free radicals [96,97]. This may result in a production of oxidative stress-related compounds which promote airway inflammation by activating neutrophils and eosinophils [98].



Very interestingly, electronic nose studies on patients with COPD showed no difference in VOCs profiles between current and ex-smokers [38,79,99], whereas in healthy controls, there were significant differences between current and non-smokers [38,93]. Similarly, a recent study by Rodriguez-Aguilar et al. showed no difference in the composition of exhaled breath obtained from patients with COPD who were divided into smoking-induced and household air pollution-induced groups [100]. Taken together, the aforementioned studies suggest that exhaled VOC-profile can be helpful in detecting COPD, irrespective from their smoking status. However, the difference between COPD and health has disappeared when COPD patients were compared to healthy, non-smoker volunteers [49]. It seems that smoking did not affect the discrimination potential of gold nanoparticles, carbon nanotube or colorimetric sensors [101,102,103].



Due to these discrepancies we suggest that smoking history should be taken into account when designing case-control studies.




6. The Effect of Medications on Exhaled VOCs in COPD


Pharmaceutical agents in COPD include bronchodilators, inhaled and systemic corticosteroids, roflumilast, antibiotics, mucolytics and theophylline [1]. Surprisingly, the number of studies investigating the effect of medications on exhaled VOC pattern is low.



Salbutamol is a short acting β2-receptor agonist. Gaugg and colleagues demonstrated that the levels of VOCs change after salbutamol inhalation in patients with chronic airway diseases (n = 13 asthma, 37 COPD), but not after inhaling placebo [104]. Similarly, Scarlata et al. reported a quantitative reduction in exhaled VOCs following inhaled bronchodilator treatment [105]. In line with this, the levels of exhaled VOCs were related to urinary salbutamol levels in patients with asthma [106]. Lazar et al. demonstrated a change in exhaled “breathprint” following salbutamol inhalation and the change was not due to alterations in the airway calibre, but the nebulised aerosols [66].



Corticosteroids are immunosuppressive drugs and are used in both stable (inhaled) and exacerbated (systemic) disease. Comparing ICS user and non-user patients with COPD, Fens et al. did not find a significant difference in the “breathprint” [49]. In line with this, analysing the effect of ICS on the potential of electronic noses to discriminate COPD from health, van Berkel did not find a significant influence [107]. Contrarily, Scarlata et al. reported a qualitative modification of exhaled VOC pattern in patients on ICS [105]. When investigating patients with severe asthma, a significant relationship between the exhaled “breathprint” and urine corticosteroid levels was found [106]. Analysing the same cohort of subjects, the stability of the electronic nose “breathprint” was determined by the systemic corticosteroid use [108].



It is likely that theophylline, antibiotics, roflumilast, and mucolytics may all effect exhaled VOCs, however these have not been investigated before.




7. The Effect of Respiratory and Non-Respiratory Comorbidities


Due to age, common aetiologies (i.e., smoking), and the direct effect of hypoxaemia and inflammation, COPD is often accompanied with comorbidities. These may individually affect the electronic nose results [14], but may also compromise electronic nose discrimination potential to detect COPD. For instance, obstructive sleep apnoea (OSA), which itself alters the levels of exhaled VOCs [109], also affects how precisely COPD can be detected with two different electronic noses [110,111]. Investigating 13 patients with OSA, 15 patients with COPD, and 13 patients with both diseases (overlap syndrome) with Cyranose 320 and LDA, Dragonieri et al. concluded that OSA was different from COPD patients and overlap syndrome, while there was no difference between the COPD and overlap groups [111]. In contrast, including patients with OSA in the control group, 25% of patients with COPD were inaccurately classified to the OSA group and 25% of the patients with OSA were incorrectly classified into the COPD group in the study by Scarlata et al., who used a quartz microbalance array and PLS-DA [110]. These two studies highlight that some components of the “breathprint” may not be disease-specific but may represent a common underlying mechanism (i.e., hypoxaemia). Likewise, the exhaled VOC levels may be different in cardiovascular diseases, such as heart failure and coronary artery disease [112], which frequently accompany COPD [113]. It is also true that COPD may compromise the diagnostic ability to detect other diseases, such as shown for lung cancer [114].




8. Electronic Nose Studies in COPD


As described above, the composition of exhaled VOCs in could be altered due to several endogenous and exogenous factors. This chapter summarises the published evidence for case-control studies (Table 1). First of all, it has to be emphasised that the electronic nose signal in COPD seems to be stable, with a within-day reproducibility of 0.80 and an overall mean between-day reproducibility around 0.70 [33,49,115].



Most studies have reported a good (AUROC or cross-validation value ≥0.70) to an excellent discrimination performance (≥0.90) of electronic noses in COPD regardless of comparator. However, it seems that this performance strongly depends on the number of control groups tested [110]. Notably, most of the studies conducted on multiple groups are generally underpowered with small sample size. For these reasons, targeting the optimal population represents a major issue deserving further investigation. An external validation set is highly recommended to strengthen the reliability of the results [10].



In most one-to-one comparison analyses, electronic noses have shown a good diagnostic ability, being able to discriminate COPD from healthy controls [49,87,90,100] and other chronic conditions carrying respiratory symptoms usually requiring differential diagnosis with COPD (i.e., asthma, obstructive sleep apnoea, lung cancer, chronic heart failure, etc.). Using Cyranose 320 and LDA, Fens et al. were able to discriminate patients with COPD from non-COPD smokers with a cross-validation value of 0.66. Interestingly, patients with COPD were not different from non-smoker controls [49]. In contrast, using Cyranose 320 and LDA as well, Sibila et al. could distinguish patients with COPD from non-COPD control subjects (77% ever-smoker) with a much higher cross-validation value (0.83-0.88) [90]. Using the same device and classification method, the study by Shafiek et al. reported an accuracy of 72% in classifying patients with stable COPD and healthy controls [87]. In a very recent study using the same device, adding support vector machines models to canonical discriminant analysis, a cross-validation value of 1.00 was achieved for the comparison between patients with COPD and healthy subjects [100]. COPD can be discriminated from chronic heart failure with an externally validated accuracy of 0.69, a sensitivity of 0.63, and a specificity of 0.74 [119], independently from age, smoking habit, and comorbidities, which have an impact on the VOC pattern [120]. Likewise, Fens and colleagues obtained an externally validated accuracy of 0.95, a sensitivity of 0.91, and a specificity of 0.94 in discriminating COPD smokers and former smokers from asthmatic patients with LDA [99]. Interestingly, the difference in VOC pattern between COPD and asthma cannot be attributed to the type (i.e., reversible or not) or degree of airways obstruction, because the externally validated discriminative accuracy remained almost the same [99]; these results suggest that COPD has a specific VOC pattern production, independent from the degree of airway obstruction. Regardless of smoking, COPD can be discriminated from OSA with an accuracy of 0.75-0.80 [110,111] and a sensitivity and specificity of 0.75, while the presence of both diseases in the same patient (i.e., overlap syndrome) cannot be clearly distinguished by COPD [111]. Likewise, COPD can be discriminated from lung cancer [20,116,121]. In all these studies, the participants performed exhaled breath analysis apart from spirometry and observed some restrictions in eating, smoking, and taking medication before the test, limiting its applicability in clinical practice. A combination of a metal-oxide semiconductor e-nose with a spirometer (i.e., “SpiroNose”, AMC, Amsterdam; Comon-Invent BV, Delft, The Netherlands) has represented a paramount step in the applicability of e-nose in clinical practice, allowing real-time analysis and eliminating the VOC collection and storage step. The study of De Vries and colleagues has demonstrated that SpiroNose is able to discriminate COPD Global Initiative for Obstructive Lung Disease (GOLD) stages II-IV from healthy controls, asthma, and lung cancer with a AUROC of 0.80, 0.81, and 0.88 [20], respectively, without the need for restrictions before the test.



Alpha-1 antitrypsin (AAT) deficiency is a relatively rare genetic cause for COPD. In a pilot study, an electronic nose was applied in the discrimination of 10 patients with AAT deficiency, 23 patients with COPD without AAT deficiency, and 10 healthy subjects. The authors concluded a good discriminative cross-validated accuracy based on LDA [118]. They also supplemented 11 AAT-deficient patients with human purified AAT and found a significant change in “breathprint”. This change could be either due to the direct effect of AAT on the exhaled VOC pattern or may represent immunological alterations due to the augmentation therapy [118].



The “breathprint” was associated with the exercise capacity of COPD patients, expressed by the six minute walking distance and the disease-specific prognostic index BODE (Body mass index, Obstruction, Dyspnea, and Exercise), and was be able to predict those patients with a steeper decline more accurately than GOLD classification with PLS-DA [60], helping clinicians tailor their interventions and follow up and also helping diagnose frail patients who could benefit from palliative care.



Although the technique is promising and is cheaper and easier to use than GC-MS, electronic noses are still more expensive than the current diagnostic spirometry and they warrant some expertise. In addition, due to the unspecific nature of the signals, they cannot easily be interpreted in clinical practice. Therefore, their role alone would be limited in diagnostic and differential diagnostic settings. However, their combination with traditional spirometry has merit in identifying endotypes and differentiating COPD from asthma with fixed airway obstruction [20,49,81]. Airway sampling using invasive techniques, such as bronchoscopy is not always feasible in COPD, and even sputum induction hold risks for patients with very severe COPD [122]. Although endotyping and monitoring airway inflammation hold essential clinical value [5], the currently used surrogates, such as blood eosinophils, only weakly correlate with their percentages in sputum [123]. In addition, it has recently been suggested that temporal variation, rather than the baseline values of blood eosinophilia, better predicted treatment response to inhaled corticosteroids in COPD [124]. The monitoring of airway inflammation via electronic nose holds clinical potential, and future studies should focus on this.




9. Summary


The composition of volatile organic compounds in exhaled breath may be different due to various endogenous (airway inflammation, altered kinetics) and environmental (smoking, medications) factors. This is reflected in the results of case-control studies comparing COPD to various control conditions. This review highlights the need for normalisation in technical (i.e., sensor drift, statistical methods), sampling-related (i.e., expiratory flow rate), and patient-related (i.e., diet, smoking, medication abstinence prior to sampling) factors to make the results more comparable. Although the technique is currently limited, we believe that, through the international standardisation of the method, this would be a valuable in the clinical assessment of the airway inflammation of patients with COPD.







Author Contributions


S.S. and P.F. drafted Section 6 and Section 8, M.M. prepared Figures and Table 1 and contributed to Section 8, S.D. drafted Section 4 and Section 5, A.B. drafted Section 1, Section 2, Section 3, Section 7 and Section 9. The manuscript was critically reviewed and approved by all authors. The authors agree to be personally accountable for their own contributions. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Acknowledgments


Andras Bikov is supported by the NIHR Manchester BRC. The authors are grateful to Rhys Tudge for grammatical corrections.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Vogelmeier, C.F.; Criner, G.J.; Martinez, F.J.; Anzueto, A.; Barnes, P.J.; Bourbeau, J.; Celli, B.R.; Chen, R.; Decramer, M.; Fabbri, L.M.; et al. Global Strategy for the Diagnosis, Management, and Prevention of Chronic Obstructive Lung Disease 2017 Report: GOLD Executive Summary. Eur. Respir. J. 2017, 49, 1700214. [Google Scholar] [CrossRef] [PubMed]

	



Barnes, P.J.; Burney, P.G.; Silverman, E.K.; Celli, B.R.; Vestbo, J.; Wedzicha, J.A.; Wouters, E.F. Chronic obstructive pulmonary disease. Nat. Rev. Dis. Primers 2015, 1, 15076. [Google Scholar] [CrossRef] [PubMed]

	



Lange, P.; Celli, B.; Agusti, A.; Boje Jensen, G.; Divo, M.; Faner, R.; Guerra, S.; Marott, J.L.; Martinez, F.D.; Martinez-Camblor, P.; et al. Lung-Function Trajectories Leading to Chronic Obstructive Pulmonary Disease. N. Engl. J. Med. 2015, 373, 111–122. [Google Scholar] [CrossRef] [PubMed]

	



Hurst, J.R.; Vestbo, J.; Anzueto, A.; Locantore, N.; Mullerova, H.; Tal-Singer, R.; Miller, B.; Lomas, D.A.; Agusti, A.; Macnee, W.; et al. Susceptibility to exacerbation in chronic obstructive pulmonary disease. N. Engl. J. Med. 2010, 363, 1128–1138. [Google Scholar] [CrossRef] [PubMed]

	



Pascoe, S.; Locantore, N.; Dransfield, M.T.; Barnes, N.C.; Pavord, I.D. Blood eosinophil counts, exacerbations, and response to the addition of inhaled fluticasone furoate to vilanterol in patients with chronic obstructive pulmonary disease: A secondary analysis of data from two parallel randomised controlled trials. Lancet. Respir. Med. 2015, 3, 435–442. [Google Scholar] [CrossRef]

	



Calverley, P.M.A.; Tetzlaff, K.; Vogelmeier, C.; Fabbri, L.M.; Magnussen, H.; Wouters, E.F.M.; Mezzanotte, W.; Disse, B.; Finnigan, H.; Asijee, G.; et al. Eosinophilia, Frequent Exacerbations, and Steroid Response in Chronic Obstructive Pulmonary Disease. Am. J. Respir. Crit. Care Med. 2017, 196, 1219–1221. [Google Scholar] [CrossRef]

	



Bafadhel, M.; Haldar, K.; Barker, B.; Patel, H.; Mistry, V.; Barer, M.R.; Pavord, I.D.; Brightling, C.E. Airway bacteria measured by quantitative polymerase chain reaction and culture in patients with stable COPD: Relationship with neutrophilic airway inflammation, exacerbation frequency, and lung function. Int. J. Chronic Obstr. Pulm. Dis. 2015, 10, 1075–1083. [Google Scholar] [CrossRef]

	



Bafadhel, M.; McKenna, S.; Terry, S.; Mistry, V.; Pancholi, M.; Venge, P.; Lomas, D.A.; Barer, M.R.; Johnston, S.L.; Pavord, I.D.; et al. Blood eosinophils to direct corticosteroid treatment of exacerbations of chronic obstructive pulmonary disease: A randomized placebo-controlled trial. Am. J. Respir. Crit. Care Med. 2012, 186, 48–55. [Google Scholar] [CrossRef]

	



Di Pasquale, M.; Aliberti, S.; Mantero, M.; Gramegna, A.; Blasi, F. Pharmacotherapeutic management of bronchial infections in adults: Non-cystic fibrosis bronchiectasis and chronic obstructive pulmonary disease. Expert Opin. Pharmacother. 2020, 1–15. [Google Scholar] [CrossRef]

	



Horváth, I.; Barnes, P.J.; Loukides, S.; Sterk, P.J.; Högman, M.; Olin, A.C.; Amann, A.; Antus, B.; Baraldi, E.; Bikov, A.; et al. A European Respiratory Society technical standard: Exhaled biomarkers in lung disease. Eur. Respir. J. 2017, 49. [Google Scholar] [CrossRef]

	



Lázár, Z.; Bikov, A.; Martinovszky, F.; Gálffy, G.; Losonczy, G.; Horváth, I. Exhaled breath temperature in patients with stable and exacerbated COPD. J. Breath Res. 2014, 8, 046002. [Google Scholar] [CrossRef] [PubMed]

	



Haick, H.; Broza, Y.Y.; Mochalski, P.; Ruzsanyi, V.; Amann, A. Assessment, origin, and implementation of breath volatile cancer markers. Chem. Soc. Rev. 2014, 43, 1423–1449. [Google Scholar] [CrossRef] [PubMed]

	



Montuschi, P.; Mores, N.; Trove, A.; Mondino, C.; Barnes, P.J. The electronic nose in respiratory medicine. Respir. Int. Rev. Thorac. Dis. 2013, 85, 72–84. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Lázár, Z.; Horvath, I. Established methodological issues in electronic nose research: How far are we from using these instruments in clinical settings of breath analysis? J. Breath Res. 2015, 9, 034001. [Google Scholar] [CrossRef]

	



Agency, U.E.P. Sampling of Principal Organic Hazardous Constituents from Combustion Sources Using Tedlar Bags. Available online: https://www.epa.gov/hw-sw846/sw-846-test-method-0040-sampling-principal-organic-hazardous-constituents-combustion (accessed on 3 November 2020).

	



Wzorek, B.; Mochalski, P.; Sliwka, I.; Amann, A. Application of GC-MS with a SPME and thermal desorption technique for determination of dimethylamine and trimethylamine in gaseous samples for medical diagnostic purposes. J. Breath Res. 2010, 4, 026002. [Google Scholar] [CrossRef]

	



Beauchamp, J.; Herbig, J.; Gutmann, R.; Hansel, A. On the use of Tedlar(R) bags for breath-gas sampling and analysis. J. Breath Res. 2008, 2, 046001. [Google Scholar] [CrossRef]

	



Mochalski, P.; Wzorek, B.; Sliwka, I.; Amann, A. Suitability of different polymer bags for storage of volatile sulphur compounds relevant to breath analysis. J. Chromatogr. B 2009, 877, 189–196. [Google Scholar] [CrossRef]

	



Van der Schee, M.P.; Fens, N.; Brinkman, P.; Bos, L.D.; Angelo, M.D.; Nijsen, T.M.; Raabe, R.; Knobel, H.H.; Vink, T.J.; Sterk, P.J. Effect of transportation and storage using sorbent tubes of exhaled breath samples on diagnostic accuracy of electronic nose analysis. J. Breath Res. 2013, 7, 016002. [Google Scholar] [CrossRef]

	



De Vries, R.; Brinkman, P.; van der Schee, M.P.; Fens, N.; Dijkers, E.; Bootsma, S.K.; de Jongh, F.H.; 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]

	



Lewis, N.S. Comparisons between mammalian and artificial olfaction based on arrays of carbon black-polymer composite vapor detectors. Acc. Chem. Res. 2004, 37, 663–672. [Google Scholar] [CrossRef]

	



Righettoni, M.; Amann, A.; Pratsinis, S.E. Breath analysis by nanostructured metal oxides as chemo-resistive gas sensors. Mater. Today 2014, 18, 163–171. [Google Scholar] [CrossRef]

	



Broza, Y.Y.; Haick, H. Nanomaterial-based sensors for detection of disease by volatile organic compounds. Nanomedicine 2013, 8, 785–806. [Google Scholar] [CrossRef] [PubMed]

	



Di Natale, C.; Macagnano, A.; Martinelli, E.; Paolesse, R.; D’Arcangelo, G.; Roscioni, C.; Finazzi-Agrò, A.; D’Amico, A. Lung cancer identification by the analysis of breath by means of an array of non-selective gas sensors. Biosens. Bioelectron. 2003, 18, 1209–1218. [Google Scholar] [CrossRef]

	



Mazzone, P.J.; Wang, X.-F.; Xu, Y.; Mekhail, T.; Beukemann, M.C.; Na, J.; Kemling, J.W.; Suslick, K.S.; Sasidhar, M. Exhaled breath analysis with a colorimetric sensor array for the identification and characterization of lung cancer. J. Thorac. Oncol. 2012, 7, 137. [Google Scholar] [CrossRef]

	



Knobloch, H.; Turner, C.; Spooner, A.; Chambers, M. Methodological variation in headspace analysis of liquid samples using electronic nose. Sens. Actuators B 2009, 139, 353–360. [Google Scholar] [CrossRef]

	



James, D.; Scott, S.M.; Ali, Z.; O’Hare, W.T. Chemical Sensors for Electronic Nose Systems. Microchim. Acta 2005, 149, 1–17. [Google Scholar] [CrossRef]

	



Nake, A.; Dubreuil, B.; Raynaud, C.; Talou, T. Outdoor in situ monitoring of volatile emissions from wastewater treatment plants with two portable technologies of electronic noses. Sens. Actuators B 2005, 106, 36–39. [Google Scholar] [CrossRef]

	



Vaid, T.P.; Burl, M.C.; Lewis, N.S. Comparison of the performance of different discriminant algorithms in analyte discrimination tasks using an array of carbon black-polymer composite vapor detectors. Anal. Chem. 2001, 73, 321–331. [Google Scholar] [CrossRef]

	



Sisk, B.C.; Lewis, N.S. Comparison of analytical methods and calibration methods for correction of detector response drift in arrays of carbon black-polymer composite vapor detectors. Sens. Actuators B 2005, 104, 249–268. [Google Scholar] [CrossRef]

	



Bylesjö, M.; Eriksson, D.; Sjödin, A.; Jansson, S.; Moritz, T.; Trygg, J. Orthogonal projections to latent structures as a strategy for microarray data normalization. BMC Bioinform. 2007, 8, 207. [Google Scholar] [CrossRef]

	



Bos, L.D.; Schultz, M.J.; Sterk, P.J. Exhaled breath profiling for diagnosing acute respiratory distress syndrome. BMC Pulm. Med. 2014, 14, 72. [Google Scholar] [CrossRef] [PubMed]

	



Incalzi, R.A.; Pennazza, G.; Scarlata, S.; Santonico, M.; Petriaggi, M.; Chiurco, D.; Pedone, C.; D’Amico, A. Reproducibility and respiratory function correlates of exhaled breath fingerprint in chronic obstructive pulmonary disease. PLoS ONE 2012, 7, e45396. [Google Scholar] [CrossRef] [PubMed]

	



Jaeschke, C.; Glöckler, J.; Padilla, M.; Mitrovics, J.; Mizaikoff, B. An eNose-based method performing drift correction for online VOC detection under dry and humid conditions. Anal. Methods 2020, 12, 4724–4733. [Google Scholar] [CrossRef]

	



Rodríguez-Pérez, R.; Cortés, R.; Guamán, A.; Pardo, A.; Torralba, Y.; Gómez, F.; Roca, J.; Barberà, J.A.; Cascante, M.; Marco, S. Instrumental drift removal in GC-MS data for breath analysis: The short-term and long-term temporal validation of putative biomarkers for COPD. J. Breath Res. 2018, 12, 036007. [Google Scholar] [CrossRef]

	



Di Natale, C.; Paolesse, R.; D’Amico, A. Metalloporphyrins based artificial olfactory receptors. Sens. Actuators B 2007, 121, 238–246. [Google Scholar] [CrossRef]

	



Van der Schee, M.P.; Paff, T.; Brinkman, P.; van Aalderen, W.M.C.; Haarman, E.G.; Sterk, P.J. Breathomics in Lung Disease. Chest J. 2015, 147, 224–231. [Google Scholar] [CrossRef] [PubMed]

	



Fens, N.; Schee, M.; Brinkman, P.; Sterk, P. Exhaled breath analysis by electronic nose in airways disease. Established issues and key questions. Clin. Exp. Allergy 2013, 43, 705–715. [Google Scholar] [CrossRef]

	



Di Natale, C.; Paolesse, R.; Martinelli, E.; Capuano, R. Solid-state gas sensors for breath analysis: A review. Anal. Chim. Acta 2014, 824, 1–17. [Google Scholar] [CrossRef] [PubMed]

	



Dragonieri, S.; Pennazza, G.; Carratu, P.; Resta, O. Electronic Nose Technology in Respiratory Diseases. Lung 2017, 195, 157–165. [Google Scholar] [CrossRef]

	



Scarlata, S.; Pennazza, G.; Santonico, M.; Pedone, C.; Antonelli Incalzi, R. Exhaled breath analysis by electronic nose in respiratory diseases. Expert Rev. Mol. Diagn. 2015, 15, 933–956. [Google Scholar] [CrossRef]

	



Scott, S.M.; James, D.; Ali, Z. Data analysis for electronic nose systems. Microchim. Acta 2006, 156, 183–207. [Google Scholar] [CrossRef]

	



Leopold, J.H.; Bos, L.D.; Sterk, P.J.; Schultz, M.J.; Fens, N.; Horvath, I.; Bikov, A.; Montuschi, P.; Di Natale, C.; Yates, D.H.; et al. Comparison of classification methods in breath analysis by electronic nose. J. Breath Res. 2015, 9, 046002. [Google Scholar] [CrossRef] [PubMed]

	



Smolinska, A.; Hauschild, A.C.; Fijten, R.R.; Dallinga, J.W.; Baumbach, J.; van Schooten, F.J. Current breathomics—A review on data pre-processing techniques and machine learning in metabolomics breath analysis. J. Breath Res. 2014, 8, 027105. [Google Scholar] [CrossRef] [PubMed]

	



Lechner, M.; Moser, B.; Niederseer, D.; Karlseder, A.; Holzknecht, B.; Fuchs, M.; Colvin, S.; Tilg, H.; Rieder, J. Gender and age specific differences in exhaled isoprene levels. Respir. Physiol. Neurobiol. 2006, 154, 478–483. [Google Scholar] [CrossRef] [PubMed]

	



Phillips, M.; Greenberg, J.; Cataneo, R.N. Effect of age on the profile of alkanes in normal human breath. Free Radic. Res. 2000, 33, 57–63. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Hernadi, M.; Korosi, B.Z.; Kunos, L.; Zsamboki, G.; Sutto, Z.; Tarnoki, A.D.; Tarnoki, D.L.; Losonczy, G.; Horvath, I. Expiratory flow rate, breath hold and anatomic dead space influence electronic nose ability to detect lung cancer. BMC Pulm. Med. 2014, 14, 202. [Google Scholar] [CrossRef] [PubMed]

	



Kunos, L.; Bikov, A.; Lazar, Z.; Korosi, B.Z.; Benedek, P.; Losonczy, G.; Horvath, I. Evening and morning exhaled volatile compound patterns are different in obstructive sleep apnoea assessed with electronic nose. Sleep Breath 2015, 19, 247–253. [Google Scholar] [CrossRef]

	



Fens, N.; Zwinderman, A.H.; van der Schee, M.P.; de Nijs, S.B.; Dijkers, E.; Roldaan, A.C.; Cheung, D.; Bel, E.H.; Sterk, P.J. Exhaled breath profiling enables discrimination of chronic obstructive pulmonary disease and asthma. Am. J. Respir. Crit. Care Med. 2009, 180, 1076–1082. [Google Scholar] [CrossRef]

	



Dragonieri, S.; Schot, R.; Mertens, B.J.; Le Cessie, S.; Gauw, S.A.; Spanevello, A.; Resta, O.; Willard, N.P.; Vink, T.J.; Rabe, K.F.; et al. An electronic nose in the discrimination of patients with asthma and controls. J. Allergy Clin. Immunol. 2007, 120, 856–862. [Google Scholar] [CrossRef]

	



Jones, R.C.; Hyland, M.E.; Hanney, K.; Erwin, J. A qualitative study of compliance with medication and lifestyle modification in Chronic Obstructive Pulmonary Disease (COPD). Prim. Care Respir. J. 2004, 13, 149–154. [Google Scholar] [CrossRef]

	



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]

	



Filipiak, W.; Ruzsanyi, V.; Mochalski, P.; Filipiak, A.; Bajtarevic, A.; Ager, C.; Denz, H.; Hilbe, W.; Jamnig, H.; Hackl, M.; et al. Dependence of exhaled breath composition on exogenous factors, smoking habits and exposure to air pollutants. J. Breath Res. 2012, 6, 036008. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Paschalaki, K.; Logan-Sinclair, R.; Horváth, I.; Kharitonov, S.A.; Barnes, P.J.; Usmani, O.S.; Paredi, P. Standardised exhaled breath collection for the measurement of exhaled volatile organic compounds by proton transfer reaction mass spectrometry. BMC Pulm. Med. 2013, 13, 43. [Google Scholar] [CrossRef] [PubMed]

	



Krilaviciute, A.; Leja, M.; Kopp-Schneider, A.; Barash, O.; Khatib, S.; Amal, H.; Broza, Y.Y.; Polaka, I.; Parshutin, S.; Rudule, A.; et al. Associations of diet and lifestyle factors with common volatile organic compounds in exhaled breath of average-risk individuals. J. Breath Res. 2019, 13, 026006. [Google Scholar] [CrossRef] [PubMed]

	



Baranska, A.; Tigchelaar, E.; Smolinska, A.; Dallinga, J.W.; Moonen, E.J.; Dekens, J.A.; Wijmenga, C.; Zhernakova, A.; van Schooten, F.J. Profile of volatile organic compounds in exhaled breath changes as a result of gluten-free diet. J. Breath Res. 2013, 7, 037104. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Galffy, G.; Tamasi, L.; Bartusek, D.; Antus, B.; Losonczy, G.; Horvath, I. Exhaled breath condensate pH decreases during exercise-induced bronchoconstriction. Respirology 2014, 19, 563–569. [Google Scholar] [CrossRef] [PubMed]

	



King, J.; Kupferthaler, A.; Unterkofler, K.; Koc, H.; Teschl, S.; Teschl, G.; Miekisch, W.; Schubert, J.; Hinterhuber, H.; Amann, A. Isoprene and acetone concentration profiles during exercise on an ergometer. J. Breath Res. 2009, 3, 027006. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Lazar, Z.; Schandl, K.; Antus, B.M.; Losonczy, G.; Horvath, I. Exercise changes volatiles in exhaled breath assessed by an electronic nose. Acta Physiol. Hung. 2011, 98, 321–328. [Google Scholar] [CrossRef]

	



Finamore, P.; Pedone, C.; Scarlata, S.; Di Paolo, A.; Grasso, S.; Santonico, M.; Pennazza, G.; Antonelli Incalzi, R. Validation of exhaled volatile organic compounds analysis using electronic nose as index of COPD severity. Int. J. Chronic Obstr. Pulm. Dis. 2018, 13, 1441–1448. [Google Scholar] [CrossRef]

	



Nair, S.; Cope, K.; Risby, T.H.; Diehl, A.M. Obesity and female gender increase breath ethanol concentration: Potential implications for the pathogenesis of nonalcoholic steatohepatitis. Am. J. Gastroenterol. 2001, 96, 1200–1204. [Google Scholar] [CrossRef]

	



Das, M.K.; Bishwal, S.C.; Das, A.; Dabral, D.; Varshney, A.; Badireddy, V.K.; Nanda, R. Investigation of gender-specific exhaled breath volatome in humans by GCxGC-TOF-MS. Anal. Chem. 2014, 86, 1229–1237. [Google Scholar] [CrossRef] [PubMed]

	



Dragonieri, S.; Quaranta, V.N.; Carratu, P.; Ranieri, T.; Resta, O. The ovarian cycle may influence the exhaled volatile organic compound profile analyzed by an electronic nose. J. Breath Res. 2018, 12, 021002. [Google Scholar] [CrossRef] [PubMed]

	



Bikov, A.; Pako, J.; Kovacs, D.; Tamasi, L.; Lazar, Z.; Rigo, J.; Losonczy, G.; Horvath, I. Exhaled breath volatile alterations in pregnancy assessed with electronic nose. Biomarkers 2011, 16, 476–484. [Google Scholar] [CrossRef] [PubMed]

	



Basanta, M.; Ibrahim, B.; Dockry, R.; Douce, D.; Morris, M.; Singh, D.; Woodcock, A.; Fowler, S.J. Exhaled volatile organic compounds for phenotyping chronic obstructive pulmonary disease: A cross-sectional study. Respir. Res. 2012, 13, 72. [Google Scholar] [CrossRef] [PubMed]

	



Lazar, Z.; Fens, N.; van der Maten, J.; van der Schee, M.P.; Wagener, A.H.; de Nijs, S.B.; Dijkers, E.; Sterk, P.J. Electronic nose breathprints are independent of acute changes in airway caliber in asthma. Sensors 2010, 10, 9127–9138. [Google Scholar] [CrossRef] [PubMed]

	



Hlastala, M.P.; Powell, F.L.; Anderson, J.C. Airway exchange of highly soluble gases. J. Appl. Physiol. 2013, 114, 675–680. [Google Scholar] [CrossRef]

	



Boshier, P.R.; Priest, O.H.; Hanna, G.B.; Marczin, N. Influence of respiratory variables on the on-line detection of exhaled trace gases by PTR-MS. Thorax 2011, 66, 919–920. [Google Scholar] [CrossRef]

	



Larstad, M.A.; Toren, K.; Bake, B.; Olin, A.C. Determination of ethane, pentane and isoprene in exhaled air--effects of breath-holding, flow rate and purified air. Acta Physiol. 2007, 189, 87–98. [Google Scholar] [CrossRef]

	



Thekedar, B.; Oeh, U.; Szymczak, W.; Hoeschen, C.; Paretzke, H.G. Influences of mixed expiratory sampling parameters on exhaled volatile organic compound concentrations. J. Breath Res. 2011, 5, 016001. [Google Scholar] [CrossRef]

	



Barnes, P.J.; Chowdhury, B.; Kharitonov, S.A.; Magnussen, H.; Page, C.P.; Postma, D.; Saetta, M. Pulmonary biomarkers in chronic obstructive pulmonary disease. Am. J. Respir. Crit. Care Med. 2006, 174, 6–14. [Google Scholar] [CrossRef]

	



Timms, C.; Thomas, P.S.; Yates, D.H. Detection of gastro-oesophageal reflux disease (GORD) in patients with obstructive lung disease using exhaled breath profiling. J. Breath Res. 2012, 6, 016003. [Google Scholar] [CrossRef] [PubMed]

	



Turato, G.; Zuin, R.; Miniati, M.; Baraldo, S.; Rea, F.; Beghé, B.; Monti, S.; Formichi, B.; Boschetto, P.; Harari, S.; et al. Airway inflammation in severe chronic obstructive pulmonary disease: Relationship with lung function and radiologic emphysema. Am. J. Respir. Crit. Care Med. 2002, 166, 105–110. [Google Scholar] [CrossRef] [PubMed]

	



Louis, R.E.; Cataldo, D.; Buckley, M.G.; Sele, J.; Henket, M.; Lau, L.C.; Bartsch, P.; Walls, A.F.; Djukanovic, R. Evidence of mast-cell activation in a subset of patients with eosinophilic chronic obstructive pulmonary disease. Eur. Respir. J. 2002, 20, 325–331. [Google Scholar] [CrossRef] [PubMed]

	



Snoeck-Stroband, J.B.; Lapperre, T.S.; Gosman, M.M.; Boezen, H.M.; Timens, W.; ten Hacken, N.H.; Sont, J.K.; Sterk, P.J.; Hiemstra, P.S. Chronic bronchitis sub-phenotype within COPD: Inflammation in sputum and biopsies. Eur. Respir. J. 2008, 31, 70–77. [Google Scholar] [CrossRef]

	



Brightling, C.E.; Monteiro, W.; Ward, R.; Parker, D.; Morgan, M.D.; Wardlaw, A.J.; Pavord, I.D. Sputum eosinophilia and short-term response to prednisolone in chronic obstructive pulmonary disease: A randomised controlled trial. Lancet 2000, 356, 1480–1485. [Google Scholar] [CrossRef]

	



Leigh, R.; Pizzichini, M.M.; Morris, M.M.; Maltais, F.; Hargreave, F.E.; Pizzichini, E. Stable COPD: Predicting benefit from high-dose inhaled corticosteroid treatment. Eur. Respir. J. 2006, 27, 964–971. [Google Scholar] [CrossRef]

	



Siva, R.; Green, R.H.; Brightling, C.E.; Shelley, M.; Hargadon, B.; McKenna, S.; Monteiro, W.; Berry, M.; Parker, D.; Wardlaw, A.J.; et al. Eosinophilic airway inflammation and exacerbations of COPD: A randomised controlled trial. Eur. Respir. J. 2007, 29, 906–913. [Google Scholar] [CrossRef]

	



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]

	



Schleich, F.N.; Dallinga, J.W.; Henket, M.; Wouters, E.F.; Louis, R.; Van Schooten, F.J. Volatile organic compounds discriminate between eosinophilic and neutrophilic inflammation in vitro. J. Breath Res. 2016, 10, 016006. [Google Scholar] [CrossRef]

	



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

	



Fens, N.; van der Sluijs, K.F.; van de Pol, M.A.; Dijkhuis, A.; Smids, B.S.; van der Zee, J.S.; Lutter, R.; Zwinderman, A.H.; Sterk, P.J. Electronic nose identifies bronchoalveolar lavage fluid eosinophils in asthma. Am. J. Respir. Crit. Care Med. 2015, 191, 1086–1088. [Google Scholar] [CrossRef] [PubMed]

	



Plaza, V.; Crespo, A.; Giner, J.; Merino, J.L.; Ramos-Barbón, D.; Mateus, E.F.; Torrego, A.; Cosio, B.G.; Agustí, A.; Sibila, O. Inflammatory Asthma Phenotype Discrimination Using an Electronic Nose Breath Analyzer. J. Investig. Allergol. Clin. Immunol. 2015, 25, 431–437. [Google Scholar] [PubMed]

	



Pizzini, A.; Filipiak, W.; Wille, J.; Ager, C.; Wiesenhofer, H.; Kubinec, R.; Blaško, J.; Tschurtschenthaler, C.; Mayhew, C.A.; Weiss, G.; et al. Analysis of volatile organic compounds in the breath of patients with stable or acute exacerbation of chronic obstructive pulmonary disease. J. Breath Res. 2018, 12, 036002. [Google Scholar] [CrossRef] [PubMed]

	



Gaugg, M.T.; Nussbaumer-Ochsner, Y.; Bregy, L.; Engler, A.; Stebler, N.; Gaisl, T.; Bruderer, T.; Nowak, N.; Sinues, P.; Zenobi, R.; et al. Real-Time Breath Analysis Reveals Specific Metabolic Signatures of COPD Exacerbations. Chest 2019, 156, 269–276. [Google Scholar] [CrossRef]

	



Van Velzen, P.; Brinkman, P.; Knobel, H.H.; van den Berg, J.W.K.; Jonkers, R.E.; Loijmans, R.J.; Prins, J.M.; Sterk, P.J. Exhaled Breath Profiles Before, During and After Exacerbation of COPD: A Prospective Follow-Up Study. Copd 2019, 16, 330–337. [Google Scholar] [CrossRef]

	



Shafiek, H.; Fiorentino, F.; Merino, J.L.; López, C.; Oliver, A.; Segura, J.; de Paul, I.; Sibila, O.; Agustí, A.; Cosío, B.G. Using the Electronic Nose to Identify Airway Infection during COPD Exacerbations. PLoS ONE 2015, 10, e0135199. [Google Scholar] [CrossRef]

	



Bos, L.D.; Sterk, P.J.; Schultz, M.J. Volatile metabolites of pathogens: A systematic review. PLoS Pathog. 2013, 9, e1003311. [Google Scholar] [CrossRef]

	



Van Geffen, W.H.; Bruins, M.; Kerstjens, H.A. Diagnosing viral and bacterial respiratory infections in acute COPD exacerbations by an electronic nose: A pilot study. J. Breath Res. 2016, 10, 036001. [Google Scholar] [CrossRef]

	



Sibila, O.; Garcia-Bellmunt, L.; Giner, J.; Merino, J.L.; Suarez-Cuartin, G.; Torrego, A.; Solanes, I.; Castillo, D.; Valera, J.L.; Cosio, B.G.; et al. Identification of airway bacterial colonization by an electronic nose in Chronic Obstructive Pulmonary Disease. Respir. Med. 2014, 108, 1608–1614. [Google Scholar] [CrossRef]

	



Buszewski, B.; Ulanowska, A.; Ligor, T.; Denderz, N.; Amann, A. Analysis of exhaled breath from smokers, passive smokers and non-smokers by solid-phase microextraction gas chromatography/mass spectrometry. Biomed. Chromatogr. 2009, 23, 551–556. [Google Scholar] [CrossRef]

	



Blanchet, L.; Smolinska, A.; Baranska, A.; Tigchelaar, E.; Swertz, M.; Zhernakova, A.; Dallinga, J.W.; Wijmenga, C.; van Schooten, F.J. Factors that influence the volatile organic compound content in human breath. J. Breath Res. 2017, 11, 016013. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, Z.J.; Warwick, G.; Yates, D.H.; Thomas, P.S. An electronic nose in the discrimination of breath from smokers and non-smokers: A model for toxin exposure. J. Breath Res. 2009, 3, 036003. [Google Scholar] [CrossRef] [PubMed]

	



Chen, X.; Wang, F.; Lin, L.; Dong, H.; Huang, F.; Ghulam Muhammad, K.; Chen, L.; Gorlova, O.Y. Association of Smoking with Metabolic Volatile Organic Compounds in Exhaled Breath. Int. J. Mol. Sci. 2017, 18, 2235. [Google Scholar] [CrossRef] [PubMed]

	



Marco, E.; Grimalt, J.O. A rapid method for the chromatographic analysis of volatile organic compounds in exhaled breath of tobacco cigarette and electronic cigarette smokers. J. Chromatogr. A 2015, 1410, 51–59. [Google Scholar] [CrossRef]

	



Gelvan, D.; Moreno, V.; Clopton, D.A.; Chen, Q.; Saltman, P. Sites and mechanisms of low-level oxidative stress in cultured cells. Biochem. Biophys. Res. Commun. 1995, 206, 421–428. [Google Scholar] [CrossRef] [PubMed]

	



Seet, R.C.; Lee, C.Y.; Loke, W.M.; Huang, S.H.; Huang, H.; Looi, W.F.; Chew, E.S.; Quek, A.M.; Lim, E.C.; Halliwell, B. Biomarkers of oxidative damage in cigarette smokers: Which biomarkers might reflect acute versus chronic oxidative stress? Free Radic. Biol. Med. 2011, 50, 1787–1793. [Google Scholar] [CrossRef]

	



Adcock, I.M.; Caramori, G.; Barnes, P.J. Chronic obstructive pulmonary disease and lung cancer: New molecular insights. Respiration 2011, 81, 265–284. [Google Scholar] [CrossRef]

	



Fens, N.; Roldaan, A.C.; van der Schee, M.P.; Boksem, R.J.; Zwinderman, A.H.; Bel, E.H.; Sterk, P.J. External validation of exhaled breath profiling using an electronic nose in the discrimination of asthma with fixed airways obstruction and chronic obstructive pulmonary disease. Clin. Exp. Allergy 2011, 41, 1371–1378. [Google Scholar] [CrossRef]

	



Rodríguez-Aguilar, M.; Díaz de León-Martínez, L.; Gorocica-Rosete, P.; Padilla, R.P.; Thirión-Romero, I.; Ornelas-Rebolledo, O.; Flores-Ramírez, R. Identification of breath-prints for the COPD detection associated with smoking and household air pollution by electronic nose. Respir. Med. 2020, 163, 105901. [Google Scholar] [CrossRef]

	



Peng, G.; Tisch, U.; Adams, O.; Hakim, M.; Shehada, N.; Broza, Y.Y.; Billan, S.; Abdah-Bortnyak, R.; Kuten, A.; Haick, H. Diagnosing lung cancer in exhaled breath using gold nanoparticles. Nat. Nanotechnol. 2009, 4, 669–673. [Google Scholar] [CrossRef]

	



Ionescu, R.; Broza, Y.; Shaltieli, H.; Sadeh, D.; Zilberman, Y.; Feng, X.; Glass-Marmor, L.; Lejbkowicz, I.; Mullen, K.; Miller, A.; et al. Detection of multiple sclerosis from exhaled breath using bilayers of polycyclic aromatic hydrocarbons and single-wall carbon nanotubes. ACS Chem. Neurosci. 2011, 2, 687–693. [Google Scholar] [CrossRef] [PubMed]

	



Mazzone, P.J.; Hammel, J.; Dweik, R.; Na, J.; Czich, C.; Laskowski, D.; Mekhail, T. Diagnosis of lung cancer by the analysis of exhaled breath with a colorimetric sensor array. Thorax 2007, 62, 565–568. [Google Scholar] [CrossRef] [PubMed]

	



Gaugg, M.T.; Engler, A.; Nussbaumer-Ochsner, Y.; Bregy, L.; Stöberl, A.S.; Gaisl, T.; Bruderer, T.; Zenobi, R.; Kohler, M.; Martinez-Lozano Sinues, P. Metabolic effects of inhaled salbutamol determined by exhaled breath analysis. J. Breath Res. 2017, 11, 046004. [Google Scholar] [CrossRef] [PubMed]

	



Scarlata, S.; Finamore, P.; Santangelo, S.; Giannunzio, G.; Pennazza, G.; Grasso, S.; Santonico, M.; Incalzi, R.A. Cluster analysis on breath print of newly diagnosed COPD patients: Effects of therapy. J. Breath Res. 2018, 12, 036022. [Google Scholar] [CrossRef] [PubMed]

	



Brinkman, P.; Ahmed, W.M.; Gómez, C.; Knobel, H.H.; Weda, H.; Vink, T.J.; Nijsen, T.M.; Wheelock, C.E.; Dahlen, S.E.; Montuschi, P.; et al. Exhaled volatile organic compounds as markers for medication use in asthma. Eur. Respir. J. 2020, 55. [Google Scholar] [CrossRef]

	



Van Berkel, J.J.; Dallinga, J.W.; Möller, G.M.; Godschalk, R.W.; Moonen, E.J.; Wouters, E.F.; Van Schooten, F.J. A profile of volatile organic compounds in breath discriminates COPD patients from controls. Respir. Med. 2010, 104, 557–563. [Google Scholar] [CrossRef]

	



Brinkman, P.; Wagener, A.H.; Hekking, P.P.; Bansal, A.T.; Maitland-van der Zee, A.H.; Wang, Y.; Weda, H.; Knobel, H.H.; Vink, T.J.; Rattray, N.J.; et al. Identification and prospective stability of electronic nose (eNose)-derived inflammatory phenotypes in patients with severe asthma. J. Allergy Clin. Immunol. 2019, 143, 1811–1820.e1817. [Google Scholar] [CrossRef]

	



Bikov, A.; Hull, J.H.; Kunos, L. Exhaled breath analysis, a simple tool to study the pathophysiology of obstructive sleep apnoea. Sleep Med. Rev. 2016, 27, 1–8. [Google Scholar] [CrossRef]

	



Scarlata, S.; Pennazza, G.; Santonico, M.; Santangelo, S.; Rossi Bartoli, I.; Rivera, C.; Vernile, C.; De Vincentis, A.; Antonelli Incalzi, R. Screening of Obstructive Sleep Apnea Syndrome by Electronic-Nose Analysis of Volatile Organic Compounds. Sci. Rep. 2017, 7, 11938. [Google Scholar] [CrossRef]

	



Dragonieri, S.; Quaranta, V.N.; Carratu, P.; Ranieri, T.; Resta, O. Exhaled breath profiling in patients with COPD and OSA overlap syndrome: A pilot study. J. Breath Res. 2016, 10, 041001. [Google Scholar] [CrossRef]

	



Cikach, F.S., Jr.; Dweik, R.A. Cardiovascular biomarkers in exhaled breath. Prog. Cardiovasc. Dis. 2012, 55, 34–43. [Google Scholar] [CrossRef]

	



Bikov, A.; Horváth, A.; Tomisa, G.; Bártfai, L.; Bártfai, Z. Changes in the Burden of Comorbidities in Patients with COPD and Asthma-COPD Overlap According to the GOLD 2017 Recommendations. Lung 2018, 196, 591–599. [Google Scholar] [CrossRef] [PubMed]

	



Krauss, E.; Haberer, J.; Barreto, G.; Degen, M.; Seeger, W.; Guenther, A. Recognition of breathprints of lung cancer and chronic obstructive pulmonary disease using the Aeonose(®) electronic nose. J. Breath Res. 2020, 14, 046004. [Google Scholar] [CrossRef] [PubMed]

	



Bofan, M.; Mores, N.; Baron, M.; Dabrowska, M.; Valente, S.; Schmid, M.; Trové, A.; Conforto, S.; Zini, G.; Cattani, P.; et al. Within-day and between-day repeatability of measurements with an electronic nose in patients with COPD. J. Breath Res. 2013, 7, 017103. [Google Scholar] [CrossRef] [PubMed]

	



Dragonieri, S.; Annema, J.T.; Schot, R.; van der Schee, M.P.; Spanevello, A.; Carratú, P.; Resta, O.; Rabe, K.F.; Sterk, P.J. An electronic nose in the discrimination of patients with non-small cell lung cancer and COPD. Lung Cancer 2009, 64, 166–170. [Google Scholar] [CrossRef] [PubMed]

	



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

	



Hattesohl, A.D.; Jörres, R.A.; Dressel, H.; Schmid, S.; Vogelmeier, C.; Greulich, T.; Noeske, S.; Bals, R.; Koczulla, A.R. Discrimination between COPD patients with and without alpha 1-antitrypsin deficiency using an electronic nose. Respirology 2011, 16, 1258–1264. [Google Scholar] [CrossRef]

	



Finamore, P.; Pedone, C.; Lelli, D.; Costanzo, L.; Bartoli, I.R.; De Vincentis, A.; Grasso, S.; Parente, F.R.; Pennazza, G.; Santonico, M.; et al. Analysis of volatile organic compounds: An innovative approach to heart failure characterization in older patients. J. Breath Res. 2018, 12, 026007. [Google Scholar] [CrossRef]

	



Antonelli Incalzi, R.; Pennazza, G.; Scarlata, S.; Santonico, M.; Vernile, C.; Cortese, L.; Frezzotti, E.; Pedone, C.; D’Amico, A. Comorbidity modulates non invasive ventilation-induced changes in breath print of obstructive sleep apnea syndrome patients. Sleep Breath 2015, 19, 623–630. [Google Scholar] [CrossRef]

	



Tirzïte, M.; Bukovskis, M.; Strazda, G.; Jurka, N.; Taivans, I. Detection of lung cancer with electronic nose and logistic regression analysis. J. Breath Res. 2018, 13, 016006. [Google Scholar] [CrossRef]

	



Bathoorn, E.; Liesker, J.; Postma, D.; Koëter, G.; van Oosterhout, A.J.; Kerstjens, H.A. Safety of sputum induction during exacerbations of COPD. Chest 2007, 131, 432–438. [Google Scholar] [CrossRef] [PubMed]

	



Gao, J.; Zhang, M.; Zhou, L.; Yang, X.; Wu, H.; Zhang, J.; Wu, F. Correlation between fractional exhaled nitric oxide and sputum eosinophilia in exacerbations of COPD. Int. J. Chronic Obstr. Pulm. Dis. 2017, 12, 1287–1293. [Google Scholar] [CrossRef] [PubMed]

	



Mathioudakis, A.G.; Bikov, A.; Foden, P.; Lahousse, L.; Brusselle, G.; Singh, D.; Vestbo, J. Change in blood eosinophils following treatment with inhaled corticosteroids may predict long-term clinical response in COPD. Eur. Respir. J. 2020, 55. [Google Scholar] [CrossRef] [PubMed]








[image: Biosensors 10 00171 g001 550] 





Figure 1. The pathophysiology of chronic obstructive pulmonary disease. 
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Figure 2. Algorithm for the exhaled breath collection and analysis with electronic nose. 
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Figure 3. The mechanisms of altered production of exhaled volatile organic compounds (VOCs) in COPD. 
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Table 1. Clinical studies conducted on electronic noses in patients with COPD.
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Comparator Group

	
Device

	
Number of Subjects

	
Classification Technique

	
Sensitivity (%)

	
Specificity (%)

	
Cross-Validation Value (%)

	
Remarks

	
Reference






	
Healthy

	
Cyranose 320

	
N = 37 COPD

N = 13 H

	
LDA

	
83

	
76

	
79

	
COPD vs. H

	
[90]




	
Infection

	
Cyranose 320

	
N = 74 ECOPD

N = 19 ECOPD + P

N = 50 COPD

N = 30 H

	
LDA

	
72

	
67

	
ND

	
ECOPD vs. COPD

	
[87]




	
88

	
75

	
ECOPD + P vs. COPD




	
91

	
75

	
ECOPD + P vs. ECOPD




	
Aeonose

	
N= 22 COPD + BI

N = 21 COPD without BI

N = 18 COPD + VI

N = 25 COPD without VI

	
ANN

	
73

	
76

	
ND

	
COPD + VI vs. COPD without VI

	
[89]




	
83

	
72

	
COPD + BI vs. COPD without BI




	
Lung cancer

	
Cyranose 320

	
N = 10 LC

N = 10 COPD

N = 10 H

	
LDA

	
ND

	
ND

	
85

	
LC vs. COPD

	
[116]




	
80

	
LC vs. H




	
N = 20 LC

N = 31 COPD

	
ROC analysis based on principal components

	
80

	
48

	
ND

	
Diagnostic accuracy increased when combined with sputum hypermethylation

	
[117]




	
Custom made colorimetric sensor

	
N = 18 COPD

N = 49 LC

N = 21 H

N = 15 IPF

N = 20 SR

N = 20 PAH

	
Random forest method

	
73

	
72

	
ND

	
LC

	
[103]




	
Smoking

	
Cyranose 320

	
N = 88 COPD + S

N = 28 COPD + HAP

N = 178 H

	
LDA + SVM

	
100

	
97.8

	
100

	
COPD vs. H

	
[100]




	
ND

	
98.1

	
100

	
COPD + S vs. H




	
ND

	
97.5

	
100

	
COPD + HAP vs. H




	
ND

	
2.5

	
75.7

	
COPD + S vs. COPD + HAP




	
Asthma and lung cancer

	
SpiroNose

	
N = 31 COPD

N = 37 A

N = 31 LC

N = 45 H

	
LDA

	
ND

	
ND

	
78

	
COPD vs. H

	
[20]




	
ND

	
ND

	
81

	
COPD vs. A




	
ND

	
ND

	
80

	
COPD vs. LC




	
ND

	
ND

	
87

	
A vs. H




	
ND

	
ND

	
68

	
A vs. LC




	
ND

	
ND

	
88

	
LC vs. H




	
Asthma and Smoking

	
Cyranose 320

	
N = 20 A

N = 30 COPD

N = 20 non-S

N = 20 S

	
LDA

	
ND

	
ND

	
96

	
A vs. COPD

	
[49]




	
ND

	
ND

	
95

	
A vs. non-S




	
ND

	
ND

	
93

	
A vs. S




	
ND

	
ND

	
66

	
COPD vs. S




	
ND

	
ND

	
NS

	
COPD vs. non-S




	
Asthma

	
Cyranose 320

	
N = 40 COPD

N = 60 A

	
LDA

	
85

	
90

	
88

	
COPD vs. fixed A (N = 21)

	
[99]




	
91

	
90

	
83

	
COPD vs. reversible A (N = 39)




	
SpiroNose

	
N = 115 COPD

N = 206 A

	
Not performed

	
ND

	
ND

	
NS

	
Five significant combined asthma and COPD clusters

	
[81]




	
OSA

	
Cyranose 320

	
N = 15 COPD

N = 13 OSA

N = 13 OVS.

	
LDA

	
ND

	
ND

	
96.2

	
OSA vs. OVS

	
[111]




	
ND

	
ND

	
82.1

	
OSA vs. COPD




	
ND

	
ND

	
67.9

	
COPD vs. OVS




	
Custom made QMB

	
N = 20 COPD

N = OSA + NH

N = 20 OSA + H

N = 20 O

N = 56 H

	
PLS-DA

	
44

	
93

	
ND

	

	
[110]




	
Alpha 1-antitripsin deficiency

	
Cyranose 320

	
N = 10 COPD with AAT

N = 23 COPD without AAT

N = 10 H

	
LDA

	
ND

	
ND

	
58

	
AAT vs. non-AAT

	
[118]




	
ND

	
ND

	
68

	
non-AAT vs. H




	
ND

	
ND

	
62

	
AAT vs. H




	
Congestive heart failure

	
BIONOTE

	
N = 103 COPD

N = 89 CHF

N = 117 H

	
PLS-DA

	
80

	
82

	
ND

	
CHF vs. H

	
[119]




	
63

	
74

	
ND

	
CHF vs. COPD








A = asthma; AAT = alpha 1-antitripsin deficiency; ANN = artificial neural network; CHF = congestive heart failure; COPD = chronic obstructive pulmonary disease; COPD + BI = COPD with bacterial infection; COPD + HAP = COPD with household air pollution; COPD + S = COPD with smoking; COPD + VI = COPD with viral infection; ECOPD = exacerbation of COPD; ECOPD + P = exacerbation of COPD with pneumonia; H = healthy controls; IPF = idiopathic pulmonary fibrosis; LC = lung cancer; LDA = linear discriminant analysis; O = obese controls; OSA = obstructive sleep apnoea; OSA + H = hypoxic OSA; OSA + NH = non-hypoxic OSA; OVS = overlap syndrome; PAH = pulmonary arterial hypertension; PLS-DA = partial least square discriminant analysis; QMB = quartz microbalance; ROC = receiver operating characteristic; S = smoker; SR = sarcoidosis; SVM = support vector machines.
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