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ABSTRACT Most of the currently used diagnostics for cancerous diseases have yet to meet the standards
of screening, as they are insufficiently accurate and/or invasive and risky. In this review, we describe the
rationale, the progress made to date, and the potential of analysing the exhaled volatile organic compounds
as a pathway for enabling early diagnosis of cancer and, therefore, for achieving better clinical prognosis
and survival rates. The review highlights the major advancements made in this field, from fundamentals, up
to translational phases and clinical trials, with a special emphasis on sensing platforms based on
nanomaterials. The prospects for breath analysis in early cancerous disease are presented and discussed.

Introduction
Cancer is a devastating disease that continues to be faced by numerous challenges, including delayed
diagnosis, low efficacy of general anti-cancer therapy and heterogeneity of disease [1]. Unfortunately, for
some of the most common imaging techniques currently used to diagnose cancer, the sensitivity depends
mostly on tumour size, and the techniques are costly and/or are not amenable to widespread screening
because they are time-inefficient [2]. For example, the United States Preventive Services Task Force has
shown that the overall sensitivity and specificity of low-dose computed tomography (CT) for lung cancer
range from 80% to 100% (table 1). However, there is still a need to evaluate risks associated with radiation
exposure and the relatively high rate of false-positive results [2]. Magnetic resonance imaging and positron
emission tomography scans are also used for the detection and staging of cancer. However, their
sensitivities and specificities in lung cancer, for example, remain unsatisfactory (table 1). None of these
methods can provide accurate cancer staging; thus, complementary invasive procedures such as
bronchoscopy, transthoracic needle aspiration and endoscopic ultrasound are needed [25]. Mammography
screening, together with breast examination, has reduced mortality from breast cancer by 29%. However,
the sensitivity of mammography is highly dependent on the age of the woman, the breast density and
breast cancer history, and can be inaccurate in tumours smaller than 1 mm [10, 11].
To date, histological biopsy remains the gold standard diagnostic in cancer, although it is invasive, risky,
time-consuming and expensive [26]. Therefore, there is an urgent need for inexpensive and noninvasive
diagnostics that would allow: 1) promotion of early detection of cancer; 2) stratification of the population
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TABLE 1 Clinical performance of selected examples# of breath analysis in cancer
Cancer

Lung

Breast
Ovarian
Gastric
Colorectal

Method

Ref.

Differential diagnosis
Sens.

Spec.

Acc.

Diagnosis

Monitoring

Sens.

Spec.

Acc.

52–65

48–79

PPV 100

Low-dose CT

[2, 3]

80–100

>90

Breath analysis

[4–9]

60–100

57–100

59–94

70–91

73–88

88

Mammography
Breath analysis

[10, 11]
[12, 13]

93–96
63–94

89–93
76–82

71–87
71–88

42–88

75–92

70

CA125 and TVU
Breath analysis

[14]
[15, 16]

77–89

75–99

Gastroscopy
Breath analysis

[17]
[18–21]

Colonoscopy
Breath analysis

[22, 23]
[24]

71–97

87–91

77–96

66–99

30–100

70–96

Sens.

28–93

Spec

75–100

Classification/staging
Acc.

80–92

Sens.

Spec.

Acc.

52–91

48–95

78–92

73–95

PPV 79;
NPV 78–93
83–88

71–100

70–100

71–100

59–83

61–100

61–89

69–84
73–96

85–96
98

92–95

45–93

41–98

43–92

88–98
85

82–99
94

91

100

88

94
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Data are presented as percentages and represent either a range of results (when more than one study is included) or a single result (when only one study tested the specific application).
Sens.: sensitivity; Spec.: specificity; Acc.: accuracy; CT: computed tomography; TVU: transvaginal ultrasound; PPV: positive predictive value; NPV: negative predictive value. #: data based
on selected representative studies rather than a comprehensive literature review.
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based on their bio-specification for personalised therapy; and 3) fast assessment of treatment efficacy at
the bedside, to change the therapeutic approach accordingly.
To meet these challenges, intensive effort has been invested in the last two decades to reach new
biomarker-based platforms for novel diagnostics and functional genomic analysis that could be broadly
applicable in a wide range of cancers. While several cancer-related biomarker platforms have shown
improvements in clinical outcomes and survival rates, they suffer from significant limitations for clinical
practice [27]. Most of these biomarkers are organ-specific and thus might not be informative enough [27].
A highly promising development in cancer biomarkers is based on volatolomics, i.e. on analysis of volatile
organic compounds (VOCs) (semi-volatile and highly volatile) that emanate from cancer cells and/or their
micro-environment and that are detectable in different body fluids (exhaled breath, blood, urine, sweat,
etc.) depending on their tissue/blood and blood/air partition coefficients [28]. The rationale behind this
approach rests on the fact that, during pathophysiological processes, alterations in cell metabolism lead to
shifts in the production of VOCs, which are by-products of biochemical reactions [29]. Hypoxia,
hyperproliferation of cells, excessive inflammatory and reactive oxygen species activity, and other
cancer-related pathological mechanisms result in marked shifts in the spectra and concentrations of VOCs,
both locally and systematically [30].
VOCs in exhaled breath have been correlated to the pathophysiology of cancers [28, 31, 32]. It is
reasonable to hypothesise that such shifts could be detectable as soon as the cancer is established.
Additionally, as a VOC profile reflects cancer-related metabolism [33, 34], the shifts may be informative in
several other ways, including giving some indication of specific genetic mutations that might be responsive
to treatment and monitoring [30].
For these reasons, breath analysis could be the basis of a noninvasive method for the early diagnosis of
cancer. The particularly significant feature that can be exploited is that each disease has its own unique
volatolome pattern; therefore, the presence of one disease would not necessarily screen out others [35].
This review critically examines the progress made so far in the field of breath analysis, mainly as a clinical
tool. Future perspectives, as well as challenges in this field, are discussed.

Evidence for the “omics” of breath testing
In the last two decades, extensive work has been carried out on various aspects of breath analysis for
cancer detection, from fundamental biological to translational research and development studies.
On the basic science front, a variety of spectroscopic and spectrometric techniques have been used to carry
out in vivo, in vitro and ex vivo experiments to gain knowledge about VOC biomarkers. These methods
have provided hundreds of tentative identifications of the VOCs emitted directly by cells and tissues in
culture, independently of the systemic alterations that might be due to secondary mechanisms and
haemodynamics [29, 36]. For example, VOCs produced by three types of primary lung cancer cells have
been compared with those in the breath of cancer patients. Of five VOCs that discriminated cancer
patients from healthy controls using breath samples, one was shared with lung cancer cells, suggesting a
potential biomarker [37]. Another study compared VOC composition of the lung cancer cell line A549
and that of urine from mice implanted with the same cells. Seven VOCs proved to be significantly higher
compared to normal cancer cell lines and urine from normal mice [38].
The source of the VOCs and semi-volatile compounds is mainly hypothetical and relies mostly on
endogenous and exogenous processes. Disease-specific VOCs are assumed to be produced mainly through
changes in specific biochemical pathways in the body, primarily related to oxidative stress, cytochrome
P450, liver enzymes, and carbohydrate and lipid metabolism. Most exogenous VOCs and semi-volatile
compounds are related to smoking habits, air pollution, etc.
VOCs have been related to a multitude of clinical conditions; as such, it is unlikely that a single VOC
biomarker can characterise a disease [28, 29, 33, 36]. It has more often been shown that cancers change
the patterns of VOCs, which are altered according to the type, stage and subcategory of the cancer [31].
Also involved are VOCs that originate from purely endogenous processes (e.g. isoprene), VOCs that
originate from either endogenous or exogenous sources (e.g. acetone), and VOCs that originate from
exogenous processes alone (e.g. toluene) [29]. The vast majority of VOCs related to cancer patients are
from alkanes, alcohols, aldehydes, ketones, nitriles and aromatic compounds [29]. Although their source is
still speculative, several possible biochemical pathways have been suggested. For example, oxidative stress
in the micro-environment of a cancer, due to hypoxic and/or inflammatory conditions, contributes to the
formation of alkanes and methylated alkanes [30]. Over-activation of cytochrome P450 enzymes in cancer
patients might elevate alcohol levels. Along with these enzymes, cancer is also characterised by raised
alcohol dehydrogenase and aldehyde dehydrogenase, which are responsible for aldehyde catabolism and
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metabolism, respectively [29, 34]. Excessive cell proliferation resulting from local hypoxia leads to anaerobic
respiration in which the glycolytic pathway of energy production releases ketones and alcohols [30]. In
addition to these biomarkers, some exogenous VOCs have also been found at increased levels in cancer
patients, among them benzene, toluene and styrene. The source of these highly volatile pollutants could be
intake/absorption throughout the gastrointestinal system and/or skin, in addition to direct inhalation. It
remains unclear, however, whether these VOCs could be used as biomarkers, or have the potential to
indicate the initiation/progression of diseases, mainly because they occur in the exhaled breath of healthy
subjects [29].
Thorough review of the literature in the field of breath analysis shows that specific VOCs have been
suggested as biomarkers in several different types of cancer. For example, decane increased in hepatic
cancer [39] and lung cancer [29], indicating that different cancers might also share part of the spectrum of
VOC biomarkers. In lung cancer, exhaled breath partially overlaps with the VOCs from cell lines [29].
This finding indicates that, in addition to the VOCs that are directly emitted by the cancerous cells, other
VOC biomarkers can be found in exhaled breath due to secondary and/or systemic mechanisms
accompanying the disease itself [30].
NAKHLEH et al. [35] analysed breath samples from 1404 subjects, including 813 patients diagnosed with
one of 17 different diseases, and 591 control subjects. Over 400 of the patients were diagnosed with eight
different cancers. Quantitative gas chromatography linked with mass spectrometry analysis was used to
assess the similarity and/or differences in exhaled breath composition, not only compared to healthy
controls but also when compared between the different diseases. The results showed that each of the
diseases has its own unique VOC molecular print and, therefore, the presence of one cancer would not
screen out others. Statistical analysis indicated that none of the studied VOCs could serve as a stand-alone
biomarker for cancerous diseases. However, a pattern of 13 VOCs helped to discriminate between these
diseases. These results support the hypothesis that, due to the similarities in the pathogenic mechanisms
(hyperproliferation, local hypoxia, oxidative stress, etc.) involved in different cancers, the altered VOCs
were common to the majority of cancers, yet represented an altered balance between them, leading to the
discovery of “unique” signatures for each disease. These results were supported by hierarchical clustering,
showing in most cases that cancerous conditions were naturally clustered together, giving close similarities
in their VOC profiles [35]. These results are in agreement with those of PENG et al. [40], who showed four
discriminative volatolomic signatures identified in 96 patients diagnosed with lung, colon, breast or
prostate cancer. Analysis of exhaled breath in multiple morbidities remains narrow.

Determining the composition of the cancer volatolome
Two key analytical approaches have been established to assess VOCs in exhaled breath. The first relies on
an analytical chemistry approach using chromatography with or without two spectrometric techniques that
aim to identify and quantify the chemical nature and composition of VOCs in any given sample. This
approach enables one to explore each compound disjointedly and estimate the probability that any
quantifiable compound could become a biomarker of disease. The second approach is inspired by the
mammalian sense of smell, where semi-selective/cross-reactive sensors combined with pattern recognition
methods are adopted. This approach can identify patterns of VOCs that are like “fingerprints” of a disease.
This approach cannot identify each VOC, but it can reveal the overall pattern and, thus, can be used in
future to pinpoint similar cases [41].
To date, several chemical sensors for the assessment of VOCs have been developed, which are now
being tested as cancer-diagnostic platforms. Each of these platforms has its unique feature and different
affinities to spectra of VOCs. Chemical sensors based on metal oxides, for example, have a high affinity
for negatively charged oxygen; they are broadly used in chemiresistors as a sensing layer for oxidising or
reducing gases [42]. Colorimetric sensors are based on chemo-responsive indicators that react chemically
and change their colour upon exposure to different chemical species. This change in colour is used as a
value of the measurement [43]. Surface acoustic wave sensors are based on frequency modulation of
waves travelling along the surface of an elastic substrate. The sensing mechanism is based on a
frequency shift of the sensing layer, which can be caused by changes in conductivity, stress effect, mass
loading and viscoelastic effect as a result of gas absorption [44]. Chemiresistors based on chemically
modified (monolayer-coated) metal nanoparticles or single-walled carbon nanotubes (SWCNTs) have
shown valuable assets in terms of medical use, including: large surface-to-volume ratio, low-output
impedance, fast response and recovery times, tolerance to humidity and low-voltage operation [45].
Additional types of available gas sensors for breath analysis include optical sensors, field effect
transistors based on silicon nanowires, and sensors based on the piezoelectric transduction mechanism
(figure 1 gives simplified working mechanisms). The potential for sensor-based breath analysis to be a
routine medical test is further increased due to it being easy and inexpensive for high-volume
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FIGURE 1 Nanomaterial-based sensors as a volatolomic analytical platform: simplified working mechanisms.
These sensors may be used in medical care in future volatolome-based diagnostic devices. Clockwise: optical
sensors, colorimetric sensors, surface acoustic wave (SAW) sensors, piezoelectric sensors, metal oxide (MO)
sensors, silicon nanowire (SiNW) sensors and monolayer-coated metal nanoparticle (MCMNP) sensors.

manufacturing and operation. A detailed review on all types of sensors for VOC-related clinical analysis
can be found in BROZA et al. [41].

Chemical sensors for breath analysis of cancer
Sensor arrays based on chemiresistors using gold nanoparticles (GNPs) and/or SWCNTs have been the
most examined sensing technologies for cancer detection by breath sampling. Using these sensor arrays,
PENG et al. [40] and NAKHLEH et al. [35] showed their use in detecting and classifying many types of cancer,
opening a window for developing a multi-applicable sensor technology for clinical practice. Figure 2a shows
a graphical representation of pattern recognition classifiers obtained from the multiple binary volatolomic
comparisons of 17 diseases [35]. As seen in the figure, among the cancerous diseases, classification accuracy
ranged between 64% (bladder versus gastric) and 100% (in several other comparisons). High accuracy was
also achieved in discrimination between dependent and clinically challenging cases, for example between
colorectal cancer and Crohn’s disease or ulcerative colitis, with accuracy of 79% and 93%, respectively.
Lung cancer cases were successfully discriminated from pulmonary arterial hypertension cases with 86%
accuracy, the same as the overall accuracy of all disease-related volatolomic classifiers. Similar statistical
analysis of 591 control subjects enrolled in parallel to the patient groups gave 58% accuracy in classification,
indicating that, although intra-individual volatolomic differences occur in the healthy population, shifts
during disease states are more dominant and recognisable. In the same study, NAKHLEH et al. [35] found
that VOCs were affected by confounding factors, mainly active smoking and age, and that stratifying
techniques could be used to correct these effects and eliminate the possibility of biased results. These results
show the ability of breath analysis in general, and the use of sensor technologies for breath tests in disease
detection and classification. Assessing the utility of these sensors and related findings in the clinic, however,
requires further validation in larger and multicentre clinical studies.
Besides the reported ability to discriminate between cancer and control groups, GNP- and SWCNT-based
sensors have been used to recognise and distinguish between subcategories of the disease. Table 1 lists the
clinical performance of selected examples of breath analysis in cancer compared to the usual diagnostic
techniques in the clinics. SHLOMI et al. [4] reported on detection and discrimination between patients with
early stage lung cancer and benign lung nodules (figure 2b), as well as on the ability to monitor the
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FIGURE 2 Volatolomics in cancer. a) Discrimination between different cancers: graphical representation for the accuracies calculated of binary
discriminant factor analysis (DFA) classifiers for disease classification by breath analysis. The left heat map gives comparisons between patients
from each group, including eight cancers, resulting in an average of 86% accuracy. The right heat map represents a comparison of healthy
volunteers from each group, resulting in a 58% accuracy. Reproduced and modified from [35] with permission. b) Cancer histology classification
and staging: graphical representation of canonical variable (CV) values calculated from the responses of the sensor array to breath samples taken
from lung cancer patients at early stages of the disease compared with benign nodules. A volatolomic signature was also calculated for the
discrimination between lung cancer patients harbouring the epidermal growth factor receptor (EGFR) mutation and those without. Reproduced
and modified from [4] with permission. c) Cancer monitoring: computed tomography (CT) scans from a lung cancer patient undergoing CT
follow-up while receiving chemotherapy. Dates of CT scans, as well as of breath samples, are indicated. The corresponding sensor response in
ohms is indicated with relation to each CT scan. PR: partial response; PD: progressive disease; SD: stable disease. #: before initiation of
treatment. Reproduced and modified from [5] with permission. d) Genetic mutations in cancer: DFA maps calculated from signals obtained from
sensor arrays to VOCs in the headspace samples of cell lines bearing different genetic mutations associated with lung cancer (EGFR, KRAS and
echinoderm microtubule-associated protein-like 4 (EML4)–anaplastic lymphoma kinase (ALK) fusion). wt: wild type. Reproduced and modified
from [46] with permission.

response to therapy by analysing VOCs in the breath. The same group also made links between VOC
findings and CT scan imaging (figure 2c) [5]. They also reported on the ability to use GNP- and
SWCNT-based sensors for the detection and monitoring of patients with the epidermal growth factor
receptor (EGFR) mutation (figure 2b). These findings were supported by several in vitro analyses of
VOC-related genetic mutations of lung cancer (including EGFR, KRAS and echinoderm
microtubule-associated protein-like 4 (EML4)–anaplastic lymphoma kinase (ALK) fusion) [46–51].

Potential and limitations
Chemical sensors for breath analysis have the potential to be integrated into routine medical testing
(illustrated in figure 3). Connected to healthcare providers through “internet of things”, an infinite flow of
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VOC information can be collected into a cloud, while constantly re-analysing the data through branched
and complex algorithms. This could help in the early detection of cancer and immediate monitoring of
disease development. However, there are several limitations impeding this technology from advancing
from proof of concept to the practical clinical application. In part, these are due to the (controversial)
effects of potential confounding factors in breath analysis, e.g. age, diet, genetics, smoking habits, etc. Since
the profile of exhaled breath is instantly modified as a consequence of changes in blood chemistry, the
question is raised regarding the timing and method of sampling [34]. It follows that a standardised
protocol for uniform and repeatable breath sampling is highly necessary regarding the reliability of the
final product. This would require an intensive fundamental study of large groups of healthy volunteers to
explore the consistency of breath composition seen under different conditions so that the optimal ones can
be selected for future application. Many of these aspects have now been raised and discussed by the
European Respiratory Society Task Force [52].
Other challenges in the field of breath analysis of cancer stem from the technical aspects of the sensing
technologies and their adaptability to real clinical conditions. For example, almost all reported studies have
used a “sterile” environment during analysis, due to the sensors’ sensitivity to temperature and humidity
levels during measurement. In most studies, techniques like dehumidification, filtering and
pre-concentrations have been used to enhance sensor selectivity and response [53]. The choice of statistical
method to analyse the sensors’ input data is important for future technological applications. Common
problems include bias, incorrect sample size (mainly in relation to the number of variables and to the
required statistical power, specificity and sensitivity, to prove that a biomarker or a pattern of biomarkers
is discriminant), excessive false discovery/over-optimism rates owing to multiple hypotheses being tested,
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FIGURE 3 Potential of breath analysis as a complementary diagnostic tool in cancer. This is an illustration of
the potential of breath analysis and its implementation as a dependent or complementary test that could be
beneficial for cancer management. Noninvasive and easy to perform, volatolome assessment could promote
early and differential diagnosis, cancer classification, staging and monitoring. However, extensive research
and development are required to increase both clinical performance and integration into real clinical-world
conditions. PET: positron emission tomography; CT: computed tomography; LDCT: low-dose CT; MRI:
magnetic resonance imaging; HNC: head and neck cancer; SCLC: small cell lung cancer; NSCLC: nonsmall
cell lung cancer; EGFR: epidermal growth factor receptor.
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wrong choice of numerical methods, inadequate validation and cross-validation, and overcomplicated
statistical modelling [54]. Therefore, model development, specification, performance and update
transparency is essential. Following these constraints, investigators might strengthen or weaken the model
by implementing it on their data or overestimating its credibility.
An additional challenge for breath analysis stems from its inability to provide validated and strong
predictive values for both cancer diagnosis, screening and monitoring. Diagnosing cancer with satisfactory
sensitivities and specificities that spare most benign lesions is challenging, especially when performed in
real time and in vivo. Breath analysis must be capable of providing sufficient sensitivity with maximal
negative predictive value. For example, in lung cancer, low-dose CT followed by bronchoscopy is still the
gold standard procedure in the diagnosis and monitoring process, despite high numbers of false-positive
cases [2, 3]. Sensor technology for breath analysis may solve this problem and reduce the number of false
positives [55].
Readers should keep in mind that all studies mentioned in the current review are still in the small-size,
cross-sectional and proof-of-concept stage. Unfortunately, to date, there are no available data to compare
between the gold standard diagnostics/screening/monitoring tests and results of validation studies in
breath analysis. The papers used in this review are given as representative examples for the potential of
breath analysis to contribute in cancer medicine, rather than presenting breath analysis as a tool ready to
be used. Comparisons between clinical capabilities of breath analysis studies and gold standard procedures
are given in table 1. For example, the prevalence of malignancy in the lung cancer high-risk patient
population is 1.5%. Therefore, to identify one cancer case for every 10 CT scans performed, the specificity
would need to reach between 85% and 90%, while the sensitivity of the test must approach 95% to
guarantee that only one out of every 1000 breath-test-negative patients has lung cancer. The same
compromises between sensitivity and specificity must be taken in each clinical choice. For diagnosis
purposes, for instance, we will want to ensure test accuracy for taking clinical decisions such as nodule
resection. Resection will be performed if malignancy probability is >90% and follow-up if the probability is
<10% [56]. For breath analysis to become a real-life clinical tool, clinical standards must be decided by
physicians and chemically and clinically validated in large-scale, multicentre studies. For each cancer type,
a sufficient cut-off for negative predictive value and positive predictive value must be decided and tested
comparing to known clinical standards.

Concluding remarks
Early detection of diseases, particularly cancer, could increase the 5-year survival rate by three- to
five-fold. The attractiveness of breath analysis lies in it being noninvasive, its ease of use, its ability to help
prognosis, and its low cost. If not as a stand-alone diagnostic, then it ought to be combined with current
methods; it could be a complementary method for increasing the accuracy of detection and giving an
earlier diagnosis. However, for breath testing to be developed toward present clinical applications, the
abovementioned challenges must be met such that more satisfying clinical performance should first be
achieved in terms of sensitivity and repeatability. This might be accomplished through implementing the
following main recommendations: 1) better understanding of the origin and pathways of breath VOCs;
2) determination of a universal breath biopsy method that would lead to repeatability; 3) adaptation of
sensor-based analysis platforms to clinical-world conditions; and 4) large-scale, multicentre clinical trials
with blind validation to confirm the proof-of-concept studies. Global biomedical guidelines for diagnosis
should be adopted in the field of breath analysis regarding both research plan and reporting of data.
Published papers should stress critical points so that researchers can evaluate the evidence with reliability.
This includes detailed and transparent reporting of key study details, from the background and objectives,
through methods of collection, measurement and analysis, to model development, performance and
decision making [57, 58]. The development of best clinical practice in the development of volatolomic tests
should bring this exciting field to fulfilment.
Conflict of interest: None declared.
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