
Accepted Manuscript

Breathomics in asthma and COPD

Lieuwe D. Bos, Peter J. Sterk, Stephen J. Fowler

PII: S0091-6749(16)30882-X

DOI: 10.1016/j.jaci.2016.08.004

Reference: YMAI 12308

To appear in: Journal of Allergy and Clinical Immunology

Received Date: 29 July 2016

Revised Date: 23 August 2016

Accepted Date: 24 August 2016

Please cite this article as: Bos LD, Sterk PJ, Fowler SJ, Breathomics in asthma and COPD, Journal of
Allergy and Clinical Immunology (2016), doi: 10.1016/j.jaci.2016.08.004.

This is a PDF file of an unedited manuscript that has been accepted for publication. As a service to
our customers we are providing this early version of the manuscript. The manuscript will undergo
copyediting, typesetting, and review of the resulting proof before it is published in its final form. Please
note that during the production process errors may be discovered which could affect the content, and all
legal disclaimers that apply to the journal pertain.

http://dx.doi.org/10.1016/j.jaci.2016.08.004


M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

1 

 

Invited review, ms JACI-D-16-01086, revision August 22, 2016 1 

J Allergy Clin Immunol 2 

 3 

 4 

Breathomics in asthma and COPD 5 

Lieuwe D. Bos1, Peter J. Sterk1, Stephen J. Fowler2 6 

 7 

1 Department of Respiratory Medicine and Department of Intensive Care Medicine, 8 

Academic Medical Centre, University of Amsterdam, Amsterdam, The Netherlands 9 

2 Centre for Respiratory Medicine and Allergy, University of Manchester, Manchester 10 

Academic Health Science Centre, University Hospital of South Manchester NHS 11 

Foundation Trust, Manchester, United Kingdom 12 

 13 

Correspondence 14 

Dr. L.D. Bos, MSc, PhD 15 

Dept. Respiratory Medicine, M0-127 16 

Academic Medical Centre, University of Amsterdam 17 

Meibergdreef 9. NL-1105 AZ  Amsterdam. The Netherlands 18 

Tel: +31205664356, Fax: +31205669001, Email: l.d.bos@amc.nl  19 

 20 

Version: Revision August 22, 2016,1.0  21 

Date: 22 August 2016 22 

Word count text: 4231 23 

Word count abstract: 196 24 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

2 

 

Abstract  25 

Exhaled breath contains thousands of volatile organic compounds (VOCs) that reflect 26 

the metabolic process occurring in the host both locally in the airways and 27 

systemically. They also arise from the environment and the airway microbiome.  28 

Comprehensive analysis of breath VOCs (breathomics) provides opportunities for 29 

non-invasive biomarker discovery and novel mechanistic insights. Applications in 30 

obstructive lung diseases, such as asthma and COPD, include not only diagnostics 31 

(especially in children and other challenging diagnostic areas) but also the 32 

identification of clinical treatable traits such as airway eosinophilia and risk of 33 

infection/exacerbation that are not specific to diagnostic labels. Whilst many aspects 34 

of breath sampling and analysis are challenging, proof of concept studies with mass-35 

spectrometry and electronic noses technologies have provided independent studies 36 

with moderate to good diagnostic- and phenotypic accuracies. The present review 37 

evaluates the data obtained by breathomics in: a) predicting the inception of asthma 38 

or COPD, b) inflammatory phenotyping, c) predicting exacerbations and d) treatment 39 

stratification. The current findings merit the current efforts  step of large multi-centre 40 

studies, using standardized sampling, shared anaytical methods and databases, 41 

including external validation cohorts. This will position this non-invasive technology in 42 

the clinical assessment and monitoring of chronic airways diseases.  43 

 44 

 45 

  46 
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Rationale 47 

Asthma and chronic obstructive pulmonary disease (COPD) are medical diagnoses 48 

based on clinical criteria, derived from history taking and pulmonary function testing 49 

as  outlined by the international GINA (www.ginasthma.org) and GOLD 50 

(www.goldcopd.org) guidelines, respectively1,2. The evidence supporting these 51 

guidelines has been built on more than half a century of clinical and epidemiological 52 

studies, aimed to improve the identification and management of patients with these 53 

chronic airways diseases. This has led to unprecedented steps forward in the clinical 54 

control and quality of life of individual patients 1,2. Nevertheless, the personal and 55 

societal burden of asthma and COPD has remained unacceptably high, which has 56 

led the WHO to prioritize research in this area 3. 57 

 58 

One of the major hurdles in improving the prevention and clinical course of asthma 59 

and COPD is their complex pathogenesis and pathophysiology. This includes 60 

multiple molecular and cellular networks associated with innate and adaptive 61 

immunity, inflammation, damage and repair, which can not only vary amongst-, but 62 

also within-patients 4,5. It is increasingly recognized that capturing this biological 63 

complexity in asthma and COPD is required for a real step-change in improving the 64 

management and control of these diseases 6. Rather than using singular biomarkers, 65 

such complexity is likely to be captured most comprehensively by modern high-66 

throughput ‘omics’ platforms 7, which have been made applicable for various samples 67 

(blood, endobronchial biopsies, sputum, urine, exhaled air) obtained from patients 68 

with chronic airways diseases 8. The key issue when using these ‘omics’ 69 

technologies in characterizing the biological networks in medicine is to obey stringent 70 

quality control and validation criteria, which have recently been published 9,10. 71 
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 72 

Amongst the various ‘omics’ technologies, the ones that can be measured at point of 73 

care are likely to prevail in clinical practice. That is why non-invasive metabolomics of 74 

exhaled air (breathomics) has become such an appealing option, particularly for 75 

chronic airways diseases 11. Apart from pending technical and statistical challenges 76 

in breathomics 12, such as exchangeable sampling techniques, sensor systems, 77 

signal pre-processing, multivariate data analysis and shared databases, it is vital to 78 

formulate the clinical dilemmas that are likely to be successfully addressed by 79 

application of breathomics in patients with such diseases. This provides this 80 

technology the best opportunities of contributing to improvement of clinical outcome.  81 

 82 

The aim of this review is to examine the current performance of breathomics in its 83 

ability to contribute to solving the major clinical dilemmas in chronic airways 84 

diseases. Only then breathomics will become relevant for clinicians or 85 

epidemiologists on the ground. These major dilemmas include (figure 1): 86 

a) Prediction of risk for the early inception of asthma in children 13 or the 87 

development of COPD 14; 88 

b) Phenotyping of patients along the whole spectrum of asthma and COPD, 89 

including inflammatory profiling 15,16; 90 

c) Prediction of risk for exacerbations 17,18; 91 

d) Prediction of treatment responses in order to identify the treatable traits of 92 

chronic airways disease 19.  93 

 94 

Metabolomics and Breathomics 95 

Definitions  96 
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Metabolomics is the study of the metabolic content of a given system, whether that 97 

be a cell, organ system or organism, In exhaled breath gas analysis we detect VOCs 98 

that may arise from or be affected by metabolism, and the term breathomics is 99 

currently used to describe this 20.  However, it must be emphasized that exhaled 100 

breath VOCs do not exclusively represent lung metabolism.  We will describe here 101 

the sources of breath VOCs, and the implications for sampling. 102 

 103 

Origins of exhaled breath VOCs 104 

The VOC content of the exhaled breath is a product of the VOCs that are inhaled, 105 

those diffusing from the tissue and circulation into the alveoli and airways at the time 106 

of sampling, and reactions occurring between these. The terms “exogenous” and 107 

“endogenous” VOCs are sometimes used to describe the origin of VOCs, although 108 

this terminology can lead to confusion (for example, are VOCs arising from the 109 

airway microbiome exogenous or endogenous?). For the purposes of further 110 

discussion here we define exogenous VOCs as those taken in from the environment 111 

(typically though inhalation, ingestion or skin absorption), and endogenous as those 112 

biologically generated inside the body i.e. products of host and microbe metabolism. 113 

It should be acknowledged, however, that in many cases this is a moot point as it is 114 

not possible to tell whether a given VOC arises from any particular source, unless for 115 

example the source is radio-labelled 21.  This is an intrinsic complexity of 116 

breathomics.117 

Exogenous VOCs arise from the environment (largely inhaled), food and drink 118 

(ingested) and drugs.  Environmental VOCs are ubiquitous and arise from all but the 119 

most inert sources.  Taking an outpatient clinic room as an example VOCs arise from 120 

plastics (including gloves, instrumentation and computer equipment), cleaning fluids 121 
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(for both humans and surfaces), and indeed from the breath, skin, clothing and 122 

scents of any person in the room.  The study of environmental VOCs in itself is a 123 

growing area of research relevant to clinicians 22.  We also need to consider not only 124 

immediate but also recent environmental exposure as a source of VOCs 23.  125 

 126 

Endogenous VOCs reflect (fragments of) metabolites, arising from processes within 127 

the body, reflect host and microbiome metabolism, including of course metabolism of 128 

the food and drugs that form part of the “exogenous” source.  Volatiles will therefore 129 

also vary according the airway compartment under study:  systemic VOCs passively 130 

diffuse across the capillary/alveolar interface; lower airway VOCs add those arising 131 

from bronchial diffusion, and host / microbiome airway metabolism; and whole airway 132 

VOCs add those from the mouth and nose.  Attempting to isolate the origin of VOCs 133 

of interest therefore requires sampling procedures to be tailored to the specific 134 

clinical or research question. 135 

 136 

Considerations for breath sampling and analysis 137 

In light of the complexity of the breathome as outlined above, a number of technical, 138 

analytical and methodological issues should be considered when performing or 139 

reviewing breath research (figure 2). 140 

• Targeted versus untargeted analysis. There are two broad approaches to 141 

studying volatiles in the breath: targeted, where the biomarkers of interest are 142 

known and sought prospectively; and untargeted, where an unsupervised 143 

multivariate ‘omics approach is taken. The approaches are complementary but 144 

need to be specified a priori, as the statistical methodologies required differ (see 145 

below).  Regarding the targeted approach, it should be noted that the biochemical 146 
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origin of most VOCs is unknown 12.  If the same clinical question has already 147 

been addressed in a previous study though, it is recommendable for the analytical 148 

methodology of the new study to include a search for previously identified VOCs 149 

of interest. 150 

• Sampling methodology.  Many different sampling methodologies are being 151 

employed for off-line breath analysis 24, making comparison between studies 152 

difficult.  Furthermore, varying methods affect reproducibility differently.  For 153 

methods that utilise an inspiratory VOC-filtered air supply, the length of time 154 

breathing filtered air has an effect on VOC levels, which can take varying lengths 155 

of time to wash-out or equilibrate 25. Where the equilibration time is standardised, 156 

the within day repeatability for breath VOC detection by electronic nose has been 157 

shown to be good 26.  Airway caliber, as indirectly reflected by the presence or 158 

absence of airways obstruction, does not seem to have a direct effect on the 159 

breathprint 27.  Phillips and colleagues demonstrated coefficients of variability of 160 

more than 20% for a number of VOCs measured serially in the breath of healthy 161 

volunteers and people with COPD, although it was not possible to conclude 162 

whether the source of variability lay in the individuals’ breath or in the method of 163 

sampling or sample-transfer 28. 164 

• Analytical methodology.  Broadly speaking there are two approaches to VOC 165 

analysis (summarized in 11,12,24).  Methods based on mass spectrometry aim to 166 

detect individual VOCs, and in some cases identify them, which is particularly 167 

useful for pathophysiological research where the VOCs of interest are not yet 168 

known.  Electronic noses on the other hand are based on cross-reactive, non-169 

specific sensor arrays and usually (but not always) are less specific, but rather 170 

respond to patterns of VOC mixtures by altering sensor properties (such as 171 
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electrical resistance) and hence producing a quantitative signal change based on 172 

pattern recognition algorithms.  173 

• Data analysis. Depending on the aim, this can be performed by supervised and 174 

unsupervised statistical algorithms. Where the VOCs of interest are known and 175 

sought prospectively, data analysis is relatively straightforward. The dimensions 176 

of datasets can be reduced by using e.g. principle component analysis (PCA), 177 

selection by Akaike Information Criterion (AIC) with PCA, or partial least square 178 

analysis-discrimant analysis (SPS-DA) 29.  Importantly, in unbiased discovery 179 

studies where multiple comparisons are made (a typical breath sample may 180 

contain 100’s to 1000’s of VOCs) there is a high chance of overfitting and an 181 

unacceptable false discovery rate (FDR), which means that specialist 182 

multivariable methods must be used 29. This includes classification analysis based 183 

on neural networks (NN), logistic regression (LR), linear discriminant analysis 184 

(LDA), support vector machine (SVM), or random forest (RF), which have recently 185 

been compared in published eNose datasets 29.  Once proof of concept has been 186 

obtained, the findings must of course be validated in a prospective and 187 

independent cohort of patients (external validation). In all circumstances the 188 

TRIPOD recommendations on reporting multivariable prediction models should be 189 

followed (www.tripod-statement.org).  190 

 191 

Specific applications in asthma and COPD 192 

 193 

Diagnosis: classifying asthma/COPD versus control  194 

All work to date has been performed in patients with an established diagnosis of 195 

asthma or COPD and in controls, in order to generate proof of concept that breath 196 
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VOCs are different in health and disease.  In general there are therefore often 197 

potentially relevant clinical parameters that can differ between the case and control 198 

groups that could confound the results, e.g. medication use, comorbidities, smoking 199 

etc.  If breath signals are to prove useful as (composite) biomarkers for diagnosis, 200 

they must be tested at the point of diagnosis, and in the population in which the test 201 

should clinically be used.   202 

 203 

Asthma versus healthy controls 204 

Electronic noses have been employed to detect VOC changes in asthma in several 205 

studies 30–32.  Dragonieri and colleagues 30 initially supported this application by 206 

demonstrating that the eNose signal from the Cyranose 320 (which has 32 organic 207 

polymer sensors that change resistance on exposure to VOCs) was able to classify 208 

the breath of people with both mild asthma (versus young age [27+6 yrs] matched 209 

controls) and severe asthma (versus older [57+7 yrs] controls) with high accuracy.  210 

Interestingly, the eNose was not able to classify the breath of mild versus severe 211 

asthma, which might support the hypothesis that the VOCs detected were indeed 212 

related to the disease state itself rather than its severity or phenotype. The Tor 213 

Vergata eNose has also been applied to this clinical question in a study in which late 214 

expiratory breath samples were collected; eNose profiles classified 27 people with 215 

asthma from 24 healthy controls with an accuracy of 87.5% 31. More recently a 216 

prototype of eNose technology has been integrated with spirometry (being positioned 217 

directly downstream to a pneumotachograph) allowing collection and analysis of 218 

triplicate parallel breath samples during slow expiratory vital capacity manoeuvres 32, 219 

again demonstrating classification accuracy between the breath of people with 220 

asthma and healthy controls of 87% using only four sensors.  In the same study the 221 
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classification accuracy between COPD and asthma was 81%. Taken together, the 222 

diagnostic eNose data in asthma provided by independent research groups are 223 

meeting proof of concept.  224 

 225 

Gas chromatography mass spectrometry has been used as the analytical 226 

methodology in multiple studies with some success. In children, Dallinga and 227 

colleagues 33 reported a very high classification accuracy (100% using 25 VOCs in 228 

the training model) from a large cohort of children with asthma (n = 63) and age-229 

matched healthy children (n = 57) and validated using 20-fold internal cross 230 

validation with 5% of the cohort used as a test set each time. In adults Ibrahim and 231 

colleagues 34 reported leave-one-out cross validation accuracy of 83% of asthmatics 232 

versus controls, again using GCMS as the analytical methodology. Intriguingly the 233 

same classes of discriminatory VOCs have been reported across multiple studies in 234 

asthma; exhaled methylated alkanes have now been reported to be raised in three 235 

studies from different research groups using different sampling, analytical and 236 

statistical methodologies 30,33,34, and have also been proposed outside asthma as 237 

potential markers of oxidative stress 35. In children with asthma breath sampling is 238 

feasible and acceptable and there are data to suggest that breath GCMS profiles 239 

also distinguish them from the breath of healthy non-asthmatic children 36.  240 

 241 

The potential for exhaled VOCs for the diagnosis of asthma has been highlighted in a 242 

recent meta-analysis 37, which summarized studies using various methods of breath 243 

sampling and analysis. They conclude that VOC profiling may be used as an add-on 244 

tool for asthma diagnosis in conjunction with other diagnostic tests. This is not 245 

unexpected and clinically realistic. Any ‘omics’ technology in diagnosis and 246 
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monitoring will eventually be used in conjunction with available clinical information. 247 

Eventually, the complementary information provided by breathomics, which cannot 248 

sufficiently be captured by merely clinical assessment, will be decisive for its clinical 249 

implementation at point of care. 250 

 251 

COPD versus healthy 252 

Several groups have investigated the VOC profile of the exhaled breath of people 253 

with COPD over recent years using various methods of breath collection and 254 

analysis.  Breath signals analysed by the Cyranose 320 were able to discriminate the 255 

breath of patients with lung cancer from those with COPD with an internally cross-256 

validated correct classification rate of 85% 38. Using the integrated eNose / 257 

spirometer mentioned above, the same team was also able to classify people with 258 

COPD versus lung cancer (cross validation accuracy 80%) and healthy controls 259 

(accuracy 78%) 32, although there were important demographic differences between 260 

groups in particular in terms of age and smoking status.    261 

 262 

Van Berkel and colleagues used GCMS derived breath VOCs to generate a 263 

predictive model in a cohort of patients with COPD (n = 50) and healthy controls (n = 264 

29). When the model was tested in a new test set of volunteers (16 COPD, 16 265 

healthy), 29 of 32 were classified correctly, and a further 14 of 15 steroid-naïve 266 

COPD patients thus implying that the effect was not steroid-related 39. The model 267 

again comprised VOCs including methylated alkanes, as for asthma. Basanta and 268 

colleagues reported GCMS profiles that could discriminate breath from healthy 269 

individuals versus COPD with cross-validated accuracy of 70%, aldehydes  270 

representing the most frequently occurring discriminatory compounds 40. Another 271 
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large study again showed that GCMS could classify COPD versus controls with good 272 

accuracy, and emphasized the importance of controlling for current smoking status in 273 

such studies 41. An important confounder that needs to be considered and tested in 274 

these and other breath VOC studies is the effect of study site; Gaida and colleagues 275 

recently published data showing the discrimination between COPD and healthy 276 

controls was significantly influenced by this factor 42. Even though a significant effect 277 

of study site could not be confirmed in a recent eNose study 32, these data underline 278 

that measures should be taken to explore and to correct for site-bias.  279 

 280 

Ion mobility spectrometry, a form of MS that has potential for point-of-care use, has 281 

also been used to analyze the breath of patients with COPD 43,44. Proton transfer 282 

reaction-MS can analyze VOCs in near real-time, and intriguingly has suggested 283 

breath VOC profiles differ between the COPD phenotypes of emphysema, airflow 284 

obstruction and impaired gas transfer 45. 285 

 286 

Asthma versus COPD 287 

Several studies from the group of Sterk have shown the eNoses can classify the 288 

breath of people with asthma versus COPD with moderate to good accuracy 32,46,47.  289 

In the largest of these the classification model was tested in a true external validation 290 

set and was still able to differentiate between the diagnostic categories with an 291 

accuracy (in the prospective external validation set) of 90% in current non-smokers 292 

47. This accuracy may approach optimal values given the inevitable clinical overlap 293 

between asthma and COPD 19. 294 

 295 

At risk populations 296 
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Prediction of disease development is one of the most important premises of any 297 

biomarker in chronic airway diseases. Breath analysis is especially suitable for this 298 

purpose as measurements can be repeated frequently, which allows for monitoring 299 

the likelihood of disease development. Additionally, breath collection is one of the few 300 

acceptable sampling methods to obtain material for molecular analysis in pre-school 301 

aged children due to its non-invasive nature. The predictive value of exhaled breath 302 

analysis for the development of asthma in children was investigated in the “Asthma 303 

Detection and Monitoring” study, a prospective follow-up study of wheezy children at 304 

risk for the development of asthma 48. Multiple breath samples were taken in 246 305 

children from two to four years of age. About one third of the children were diagnosed 306 

with asthma at the age of 6. A model comprising 12 VOCs were predictive of asthma 307 

several years before the diagnosis. The accuracy of the prediction was good, with an 308 

area under the receiver operating characteristics curve (AUROC) of 0.78 48. In a 309 

further analysis, the additive value of this breath test on top of the asthma predictive 310 

index (a clinical prediction score for the development of asthma) was reported 49. The 311 

AUROC increased from 0.61 for the asthma predictive index alone to 0.89 when 312 

combined with the 12 VOCs. This increase in predictive accuracy was better than for 313 

exhaled breath condensate, gene expression in peripheral blood and lung function. 314 

These results illustrate that breath analysis is not only easier to perform in children 315 

than exhaled breath condensate sampling or blood draws, but also that a strong 316 

biological signal is present in this matrix.  317 

However, several factors should be taken into account before drawing possibly 318 

overoptimistic conclusions. Firstly, the 12 VOCs test panel was not definitively 319 

identified and confirmed: although the mass spectra were matched to a library, this 320 

tentative identification was not validated with the injection of pure chemical 321 
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standards. Secondly, external validation was not performed and this should be the 322 

focus of follow-up studies. Finally, a study in the EUROPA birth cohort suggests that 323 

rhinovirus infection moderates the discrimination by exhaled breath analysis with an 324 

eNose between wheezing and non-wheezing children 50. Therefore, stratification for 325 

viral infection status may be required to increase the diagnostic accuracy of exhaled 326 

breath analysis in wheezing children. More interestingly, the authors found that 327 

rhinovirus infected wheezy children could be separated from the other children 328 

consistently, even after resolution of the infection. Given the potentially pathogenetic 329 

role of early-life rhinovirus infection in the inception of asthma 51, they speculate that 330 

the underlying genotype-environment interaction that may result in asthma also 331 

contributes to the persistent changes in exhaled breath profiles.   332 

 333 

Identification of treatable traits 334 

Asthma or COPD are complex and heterogeneous, and it has been argued that 335 

further improvements in care for these chronic airways diseases require precision 336 

medicine, aiming to identify treatable traits that can be targeted with specific 337 

therapies 19. There are several reports suggesting that breath analysis can be used 338 

to distinguish phenotypes of patients with asthma or COPD. Patients with COPD due 339 

to cigarette smoking or alpha 1-antitrypsin (AAT) deficiency could be discriminated 340 

with high accuracy using an electronic nose and treatment with recombinant AAT led 341 

to a change in the breath profile 52. This may suggest that the composition of VOCs 342 

in exhaled breath is influenced by the etiology of COPD development. However, this 343 

study was very small with 10 patients per group and no correction for confounders 344 

was performed.  345 

 346 
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Airway inflammation 347 

Inflammatory phenotyping is increasingly important in asthma and COPD in view of 348 

intervention with steroids or novel anti-inflammatory biologicals 19,53. Irrespective of 349 

the underlying cause for disease, multiple studies reported on a correlation between 350 

exhaled VOC profiles and inflammatory cells in sputum and broncho-alveolar lavage 351 

fluid. Two studies showed exhaled breath profiles obtained with an eNose are 352 

significantly associated with pulmonary eosinophilia in asthma 54 and with pulmonary 353 

neutrophilia in COPD GOLD I, but not in GOLD II patients 55. In both studies, it was 354 

the second principal component that correlated with inflammatory cell counts. In 355 

conjunction with the finding that the first principal component frequently contributes to 356 

disease discrimination this implies that information on the inflammatory subtype is 357 

enclosed in a different part of the exhaled breath signal than the factors that 358 

discriminate between diseased and non-diseased individuals. GC-MS measurements 359 

do indeed suggest that different VOCs contribute to asthma discrimination than to the 360 

establishment of the disease phenotype 34. In that study, several branched alkanes 361 

and ketones were found to be associated with airway eosinophilia and neutrophilia. 362 

However, these compounds were not found in an in vitro comparison of the VOCs 363 

produced by eosinophils and neutrophils 56. This might be due to the complex 364 

biological environment of eosinophilic and neutrophilic inflammation in vivo. Without 365 

additional information on the biochemical pathways that contribute to the production 366 

of the measured VOCs it remains uncertain whether the correlations between volatile 367 

compounds and inflammatory cells are a direct effect of production by the cells 368 

themselves or an epiphenomenon. However, this would not hamper the clinical 369 

application of a breath test for inflammatory phenotyping in any case.  370 

 371 
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Treatment response  372 

Corticosteroids are the cornerstone of treatment of inflammation and potentially 373 

airway remodeling in chronic airway diseases 57. However, steroids have several 374 

side-effects and should not be administrated if a patient is not steroid responsive, at 375 

least in COPD 53. Airway eosinophilia and fractional exhaled nitric oxide (FeNO) are 376 

important predictors of steroid responsiveness 58 and, as described above, 377 

eosinophils are associated with altered VOC profiles. In a proof of principle study van 378 

der Schee et al. used breath analysis with an electronic nose to directly predict oral 379 

steroid responsiveness in mild to moderate asthmatic patients that were previously 380 

withdrawn from steroids. Breath analysis was superior to sputum eosinophils and 381 

FeNO with an AUROC of 0.88. The breathprints also showed a strong correlation 382 

with eosinophils in sputum, thus strengthening the pathophysiological link between 383 

exhaled breath profiles and the inflammatory status within the lung. As pointed out in 384 

the accompanying editorial 59 the high internal validity of this result in a highly 385 

controlled experiment with a limited number of subjects (N=18) limits the 386 

generalizability. Thus far no prospective studies have been published to validate the 387 

predictive performance in patients starting inhaled corticosteroid therapy. With the 388 

development of new, targeted therapeutics that are very costly prediction of 389 

treatment response is becoming ever more important 19.  390 

 391 

Prediction of exacerbation 392 

Exacerbations are inversely associated with quality of life in patients with chronic 393 

airway diseases and additionally seem to play an important role in the decrease of 394 

lung function over time, at least in COPD 18,60,61. Therefore, it would be very helpful if 395 

the development of exacerbations could be predicted 62. As patients are chronically 396 
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at risk for exacerbations, a non-invasive test like breath analysis is ideal to allow for 397 

monitoring. There are no data on the prediction of exacerbations with exhaled breath 398 

analysis in adult patients but a recent study in 40 children with asthma reported 399 

promising results. Breath samples were collected every two months for a year, during 400 

which time approximately half of the children developed an exacerbation 63. 401 

Classification of exacerbations was very good with a sensitivity of 100% and a 402 

specificity of 93% using a model comprising six VOCs when baseline samples were 403 

compared to exacerbation samples within a patient. Between-patient analysis, 404 

comparing exacerbation samples and non-exacerbation samples of other patients, 405 

yielded a lower accuracy, with a sensitivity of 79% and a specificity of 100% with 406 

seven VOCs. The VOCs that were included in the statistical models did not overlap 407 

between the intra- and inter-patient comparisons. None of these markers correlated 408 

with asthma control 64.  409 

 410 

There is evidence that the breathprint of COPD patients with an exacerbation and 411 

positive sputum cultures is different from similar patients with negative sputum 412 

cultures 65. This might be important as a marker of those exacerbations for which 413 

antibiotic treatment can be withheld. Breathprints also discriminate between 414 

colonized and non-colonized airways in patients with stable COPD 66, thus these 415 

observations are not unique to exacerbations. This is not surprising as bacteria 416 

produce a wide range of VOCs that have not been described in human metabolism 417 

67–69. 418 

 419 

Conclusions 420 
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Most studies on breathomics in obstructive airways diseases have focused on the 421 

diagnosis of asthma or COPD. The major limitation of all except one 46 of these 422 

studies is that most were not intended to newly diagnose patients. Furthermore, the 423 

disease label may not be as important as the identification of treatable traits 19. There 424 

is a clear need for non-invasive biomarkers in the stratification of patients. Exhaled 425 

breath analysis as a substitute for sputum eosinophils may lead to immediate clinical 426 

usage in the selection of patients for therapies directed against eosinophilic and/or 427 

type-2 inflammation. Stratification may also become more important in non-428 

eosinophilic disease in the near future. Exhaled breath analysis has advantages over 429 

blood and sputum sampling as it is non-invasive, cheap and potentially gives instant 430 

results. However, external validation between cohorts and research groups is pivotal 431 

for the future of breathomics.  432 

The ideal analytical instrument is highly sensitive and identifies compounds with high 433 

precision. GC-MS meets these needs, but is not available at the bed site and does 434 

not provide a result rapidly. Sensor array systems (eNoses) on the other hand can  435 

give an instant probabilistic result, but does not selectively measure any specific 436 

VOCs. Some systems such as MCC-IMS or FAIMS seem to combine the best of both 437 

worlds, but have not yet reached the selectivity or specificity that is required in clinical 438 

practice. The coming years will reveal how and when breathomics will mature into a 439 

clinically relevant test in the diagnosis, phenotyping and monitoring of chronic airway 440 

diseases.  441 
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Figure 1: Clinical objectives of a breath test. 727 
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 730 

Figure 2: Methodological steps in breath research.  731 
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 733 

Box: Future research priorities for breathomics in asthma COPD. eNOSE = electronic 734 

nose; PTR-MS = proton transfer reaction-mass spectrometry; SIFT-MS = selected 735 

ion flow tube-MS; GC-MS = gas chromatography-MS 736 

 737 

Technical Standardization 

of sampling 

methods 

Development of robust and deployable 

methods suitable for: outpatient clinic 

and emergency department 

 Online analytics Testing of online methods for breath 

analysis e.g. eNOSE, PTR-MS, SIFT-MS 

and developing shared data-bases 

amongst centres  

  Offline analytics Refinement of analytical methods and 

development of VOC library for GC-MS 

based methods 

Clinical Diagnosis Prospective identification of disease (e.g. 

asthma) in newly-presenting patients 

 Stratification Prospective identification of treatable 

traits with implications for treatment or 

prognosis e.g. airway eosinophilia; 

infection 

 738 
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