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Introduction
Breast cancer

Breast cancer (BC) is the second most common cancer globally, 
following lung cancer and is the most prevalent cancer among 
women. In the United States, about 1 in 8 women are diag-
nosed with BC during their lifetime.1 Furthermore, with 
increasing population age, the incidence rate of BC among 
older people is augmenting.2 The prognoses in patients with 
BC are mainly dependent on the stage of the disease. In BC, 
staging is conducted according to the TNM classification sys-
tem taking into account the size of the primary tumour (T), the 
spread of locoregional lymph nodes (N), and distant metastasis 
(M).3 Tumours are separated into 4 different phases, depend-
ing on tumour progression. Stage 0 represents non-invasive 
cancer, meaning that the cancer cells are within the breast lob-
ule and have not yet invaded the surrounding breast tissue.4 
The stages 1 to 3 are characterised by: (1) invasive BC with no 
lymph nodes involved, (2) invasive BC with spreading to 

nearby lymph nodes and (3) invasive BC with enlarged spread-
ing in the lymph nodes beyond the immediate region of the 
tumour, respectively, and are considered curable with surgery 
and/or therapy. In stage 4 BC, the cancer is spread beyond the 
breast into other organs and is estimated to have relatively low 
overall survival rate.5 In BC, tumour size has been associated 
with progression-free survival and overall survival.6 Therefore, 
early BC diagnosis can effectively cut down the mortality. 
Another way to classify BC has been developed based on gene 
expression analysis, where a unique set of genes is measured 
within the tumour tissue. Within this classification, the pro-
gesterone receptor (PR), the oestrogen receptor (ER) and the 
HER2 are the most commonly used for BC categorisation.7 
This classification is termed ‘intrinsic subtypes’.

Numerous risk factors have been identified for BC, with 
lifestyle, genetic- and environmental factors being the most 
important ones. Other determinants, including lactation, age, 
socio-economic status, and prior benign breast disease, might 
play essential roles in the risk of this disease.8 Various genes 
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INTROduCTION: An early diagnosis is crucial in reducing mortality among people who have breast cancer (BC). There is a shortfall of char-
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have been correlated with BC, and abnormal amplification or 
mutations of specific genes play a vital role in tumour initiation 
and progression processes. Two famous anti-oncogenes for BC 
risk are breast cancer-associated genes 1 and 2 (BRCA1 and 
BRCA2). Mutations in either of these genes increase the life-
time risk of BC up to 60% to 85%.9 Yet, only 10% of all BC 
cases are ascribed to the involvement of hereditary factors.10

Breast cancer screening

The self-diagnosis of BC is limited, given the disease mainly 
develops asymptomatically in the early phases. Therefore, sev-
eral countries in Europe and North America successfully organ-
ised BC screening programs, which have demonstrated that BC 
mortality can be reduced by 15% to 20% by periodic mammog-
raphy screening for women aged 50 to 69 years.11,12 In the 
United States, where 70% of women are subjected to mammog-
raphy, the latest estimates of diagnostic digital mammography’s 
sensitivity and specificity are between 87.8% and 90.5%, respec-
tively.13 Lower sensitivity and higher interval cancer rates were 
observed in women with a personal history of BC compared 
with women without or in women with extremely dense 
breasts.14 Clinical BC screening is not recommended for women 
at any age, screening starts mostly between 40 and 44 and con-
tinues as a woman is in good health and expected to live at least 
10 more years, with a narrow harm-benefit-ratio for younger 
and older women. A better trade-off seems to be obtained by 
screening every 2 years for middle-aged women. However, fur-
ther research is necessary to evaluate the effect of screening 
intervals.15 It should be noted that BC at a relatively young age 
is exhibiting an increasing incidence and that these cases are 
missed out in the current screening programs.16

Other limitations of a mammography include anxiety, fear, 
and worry which are variously described as barriers to wide-
spread BC screening.17 Furthermore, BC screening every 
2 years for 20 years does not guarantee that all BC cases will be 
discovered due to possible non-visibility of the BC on the 
mammogram or the BC was not yet developed at the moment 
of the mammography. Additional supplemental screening with 
breast magnetic resonance imaging (MRI) may be considered 
for special high-risk populations, given its high sensitivity 
(90%) and moderate specificity (72%).18 For standard breast 
examination, mammography is preferred over MRI given MRI 
has various disadvantages, including a significant false-positive 
rate, longer imaging time, the requirement of an intravenous 
gadolinium-based contrast agent, its high price tag and prob-
lems with claustrophobia. Therefore, the clinical benefits of 
MRI for BC detection are still a matter of debate.19

In low- and middle-income countries, the reported sensitivity 
of diagnostic digital mammography differs from 63% to 95%.20 
Furthermore, the accessibility and costs of mammography are 
important issues for many countries with limited medical 
resources.21 Breast ultrasound, which is employed in high-
resource settings to complement mammography in specific 

clinical scenarios, gives a potentially applicable alternative for 
early BC discovery in some resource-limited regions because it is 
portable, cheaper than mammography, and flexible across a 
broader range of clinical applications. Sood et al22 conducted a 
meta-analysis of 26 studies and revealed that portable ultrasound 
has an overall high sensitivity of 80.1% and specificity of 88.4% 
for detection of a variety of patient populations. Taken together, 
new methodologies that can overcome the above limitations are 
needed to diagnose tumour development at earlier stages of BC.

VOCs

The use of volatiles as non-invasive disease biomarkers origi-
nates from a long history of medicine in which Hippocrates 
described the apparent smell of melaena as early as 400 years 
BC, and patients with diabetes were characterised as having 
urine with an odour of decayed apples in ancient Chinese med-
icine.23 Nowadays, volatile metabolites have been explored for 
the diagnosis of a range of other human diseases, including 
tuberculosis, cystic fibrosis and different cancers.24-26 Volatile 
organic compounds, or VOCs, represent a diverse group of 
carbon-based molecules, including ketones, alcohols, alde-
hydes, hydrocarbons, isocyanates, terpenes, sulphides and 
amines. VOCs produced by the body are liberated into the cir-
culatory system and then infiltrate in biofluids or the air in the 
lungs. Research on cancer-related VOCs has been conducted 
in multiple matrices, including breath, blood, urine, saliva, 
sweat and faeces.27-30 VOC emission from these resources can 
be concentrated in headspace, directly onto thermal adsorbent 
tubes such as Tenax TA®, Sorb-Star®, inert polymer bags or 
other sorbent materials. Instrumental techniques have shown 
that hundreds of VOCs are detected from diverse body flu-
ids.31 It has been demonstrated that VOCs emitted from the 
body alter with genetic background, sex, diet and age.32-35 
Therefore, body odours can be envisaged as unique ‘odour-
fingerprints’, hence the interest from the forensic field.36 
Furthermore, altered metabolic pathways, due to for example 
infections or cancer, can modify our odour signature by intro-
ducing new VOCs or altering the ratio of VOCs usually pro-
duced.37 Despite the clinical interest in VOCs and body odours, 
limited research has been conducted to define these volatiles as 
diagnostic criteria, either quantitatively or qualitatively.

Next to the endogenously formed and metabolised com-
pounds, VOCs can also consist of exogenous compounds 
derived from environmental components that are emitted or 
derived from bacteria on the skin for example. Meaning that 
volatomics data contain distinct sources of variance, making it 
a challenge to extract information related to the topic of inter-
est and neglect the irrelevant variance in the data.

In the case of breath collection, additional variance can be 
obtained given different portions of breath can be collected, 
which can be divided into end-tidal, late expiratory, and mixed 
expiratory. Mixed expiratory consists of total exhaled breath 
including ‘dead space air’ while other breath categories intend to 



Leemans et al 3

minimise contamination from this dead space. Dead space of the 
respiratory system involves the space in which carbon dioxide 
(CO2) and oxygen (O2) gases are not exchanged across the alve-
olar membrane in the respiratory tract. End-tidal breath refers to 
the air that is released at the end of an exhaled breath. Whereas 
late expiratory breath sampling includes discarding the initial 
portion of the exhaled breath (estimated dead space) and the 
consecutive capture of air at the end of the breath cycle.38

VOCs detection techniques

VOCs can be detected using analytic instruments such as gas 
chromatography coupled with mass spectrometry (GC-MS), 
proton transfer reaction mass spectrometry (PTR-MS), selected 
ion flow tube-mass spectrometry (SIFT-MS), infrared spectros-
copy or Quadrupole Time-of-Flight GC-MS (GC-MS 
QTOF).39 GC-MS is the most popular analytical platform for 
VOC profiling given its reliability and sensitivity in analyte iden-
tification. GC-MS QTOF has advantages in detection sensitiv-
ity, mass accuracy and resolution compared to the gold-standard 
GC-MS. Other ionisation techniques such as PTR-MS and 
SIFT-MS may also be used: the subsequent VOC ions are then 
detected by a mass analyser. Alternatively, infrared spectroscopy 
has been reported for the detection of disease-related VOCs and 
measures the interaction of infrared radiation with the matter by 
reflection, absorption or emission for compound identification.40 
Volatile components which may be diagnostically valuable are 
found in trace concentrations measured in parts per million, parts 
per billion, or even parts per trillion.41 Therefore, a pre-concen-
tration step is usually necessary before the analysis. The sample 
volatiles can be preconcentrated using different methods such as 
Needle Trap Micro Extraction (NTME) or Solid Phase Micro 
Extraction (SPME). SPME is one of the most frequently used 
methodologies for VOC analysis and employs a polymer-coated 
fused silica fibre exposed to the headspace of the sample contain-
ing the VOCs of interest. An interesting development, known as 
SPME Arrow, offers a higher VOC loading capacity for trace 
samples, allowing for reduced sampling time and increased sensi-
tivity compared to the original SPME design.42 Another possible 
concentration technique includes stir bar sorptive extraction 
(SBSE). SBSE potentially improves the concentration capacity 
and sensitivity of VOCs, compared to SPME, by inducing the 
amount of adsorbent phase.43 A further extraction technique is 
liquid-liquid extraction (LLE), a traditional extraction technique 
in analytical chemistry given its lack of complicated equipment 
and its simplicity. LLE potentially allows relative high concentra-
tions of a great range of VOCs.44

Despite the sensitivity, specificity, and effectiveness of 
GC-MS technologies, conventional GC-MS remains expensive, 
time-consuming, requires highly trained and skilled personnel, is 
laborious to use in daily medical practice, featuring little porta-
bility, making its usage possible just in a structured laboratory 
environment.39 Conversely, electronic noses, or E-noses, have 
the potential to overcome these disadvantages, given 

they provide a cheap, fast, portable, and easy way to analyse gas 
samples. An E-nose is composed of 2 major components, the 
sensor array which is in charge of sensing the chemicals and an 
analysing software component.45 When an odour enters the 
device, it induces a change in current, voltage, resistance param-
eters or frequency, depending on the type of components in the 
sensor array.46 E-noses can recognise various complex odours by 
comparing the entering odour with patterns previously learnt.47 
Therefore, E-noses can potentially be employed for diagnosis, 
monitoring or phenotyping diseases according to specific vola-
tomics patterns. E-noses can especially be useful once specific 
VOCs of interest are identified for given research. The amount 
of research regarding the utilisation of the E-nose has tremen-
dously increased in the field of oncology.45 Further advantages 
include disease detection in bulk host samples and multiple 
groups of pathogens can potentially be detected using different 
reference databases with the same e-nose instrument.48 Despite 
this, the device encounters various important disadvantages such 
as lower sensitivity and/or specificity compared to the analytical 
approaches. Furthermore, E-noses have potentially poorer repro-
ducibility, given the sensor drift alters over time, lowering the 
instrument’s reliability. Additionally, they can be potentially sen-
sitive to temperature, humidity and light.46 Besides, research on 
specified training of dogs for cancer detection using various 
odour samples have provided promising results.49 A problematic 
issue that has emerged with canine studies is the large heteroge-
neity of performance across the dogs in the different studies. 
Employment of canine cancer detection requires disclosure of 
what chemical compounds the dogs respond to, as well as the 
quantity of these compounds. Taken together, it makes studies 
with GC-MS-based technologies indispensable to accurately 
identify and quantify volatile biomarkers to expand our basic 
knowledge and aid the search for potential biomarkers.

Purpose of systematic review

The overall goal of this systematic review is to outline the pub-
lished research regarding BC-associated VOCs, given no such 
systematic overview has been previously conducted. Therefore, 
a state-of-the-art on this scientific subject was needed to dem-
onstrate its limits and potentialities. Specific objectives of this 
review were to assess the methodological quality of published 
research; characterise published VOC markers of BC, and 
examine emerging metabolic signalling pathways. Additionally, 
methodological issues leading to inconsistencies in research are 
reviewed and recommendations to identify more accurate bio-
markers are given.

Materials and Methods
Literature search

PubMed and Web of Science were independently searched fol-
lowing the Preferred Reporting Items for Systematic Reviews 
and Meta-Analyses or PRISMA standards, which is the most 
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frequent method employed for systematic reviews.50 Studies 
about diagnosing BC by VOCs in clinical studies, animal mod-
els and in vitro studies in the databases from inception to 31 
May 2021 were retrieved. The search strategy was adjusted to 
each database and performed on 31 May 2021. For PubMed, 
the following string was employed:

((breast) AND (cancer) AND ((smell) OR (odour) OR 
(Volatile Organic Compounds) OR (volatomics) OR (vola-
tile*) OR ((metabolomic* or volatile*) AND ((GC) or (gas 
chromatography))) OR ((metabolomic* or volatile*) AND 
(mass spectrometry)) OR ((exhalation*) OR (breath) or 
(urine*) AND (sensitivity and specificity)))).

For Web of Science the subsequent sequence was researched: 
(TI = ((breast) AND (cancer) AND ((smell) OR (odor) OR 
(Volatile Organic Compounds) OR (volatomics) OR (vola-
tile*)OR ((metabolomic* or volatile*) AND ((GC) or (gas 
chromatography))) OR ((metabolomic* or volatile*) AND 
(mass spectrometry)) OR ((exhalation*) OR (breath) or 
(urine*) AND (sensitivity and specificity)))))OR (AB = ((breast) 
AND (cancer) AND ((smell) OR (odor) OR (Volatile Organic 
Compounds) OR (volatomics) OR (volatile*)OR ((metabo-
lomic* or volatile*) AND ((GC) or (gas chromatography))) 
OR ((metabolomic* or volatile*) AND (mass spectrometry)) 
OR ((exhalation*) OR (breath) or (urine*) AND (sensitivity 
and specificity))))).

The references of retrieved literature were further reviewed 
for original articles.

Study selection and eligibility criteria

Data obtained on the search were combined in a worksheet file 
including, DOI number, title, year of publication, authors, jour-
nal and abstracts. In total, 2372 records were identified, 926 
from PubMed and 1446 from Web of Science, of which 404 
were duplicates (Figure 1). We reviewed the remaining 1706 
titles and abstracts to identify studies relevant to the topic. Two 
researchers (M.L and P.B) independently reviewed the studies, 
and any disagreements were resolved by discussion. The inclu-
sion criteria were for studies on VOCs related to BC in original 
articles. Review articles, articles focused on metabolomics, 
GC-MS studies where no VOCs are identified, and articles not 
relevant to the topic were excluded. We reviewed 79 full-text 
papers for inclusion; 44 were excluded after full-text review. A 
total of 32 papers were included in the systematic review.

Data extraction

The relevant data were extracted from the 32 selected studies. 
Standardised tables were designed to abstract the studies of 
interest. Within Table 1, references to each of the studies can 
be acquired. Supplemental Table 1 includes all VOC sampling 
details of the included studies. In Supplemental Table 2, all 
subject details are enclosed. Statistical details on the VOC 
analysis of all of the included studies are represented in 

Supplemental Table 3, whereas a detailed overview of the iden-
tified VOCs can be obtained in Supplemental Tables 4 and 5. 
Details on pathway analysis are represented in Supplemental 
Table 6. All graphics were generated using Python 3.

Assessment of study quality

Included studies were evaluated using QUADAS-2, a revised 
tool for the quality assessment of diagnostic accuracy studies.82 
The QUADAS-2 form is comprised of 4 domains: (1) patient 
selection, (2) index test, (3) reference standard and (4) flow and 
timing. For each domain, the risk of bias and applicability were 
investigated and rated as low, high or unclear risk. Within this 
review, the reference standard was estimated to be radiologic or 
histologic confirmation of BC. The QUADAS-2 tool was 
adapted to have greater relevance to phase 1 biomarker discov-
ery research following Hanna et al.83 Obtained results of the 
quality assessment were employed to direct the evaluation of 
the included studies.

Results
Description of included studies

A total of 2372 articles were obtained using the search strategy 
described above, among which 1967 remained after eliminat-
ing duplicated articles. About 1888 studies were excluded from 
the title and abstract due to irrelevancy or patents. Thus, 79 
studies were retrieved for full-text browsing. From these, 47 
were further discarded for not meeting the inclusion criteria 
(Figure 1). Thereby, 32 studies were enclosed within this sys-
tematic review, including 16 case-control studies (utilising 
GC-MS technology), 2 in vivo-, 6 in vitro-studies, 3 studies 
focussing on mass spectrometry results solely, 5 E-nose studies, 
and 5 studies including both E-nose and GC-MS results. 
References and categorisation of the 32 included studies on 
BC diagnoses by VOCs are outlined in Table 1. Details on the 
sampling procedure can be obtained in Supplemental Table 1.

The most commonly used method for the detection of 
VOCs is GC-MS, which was employed in 24 out of 33 studies. 
Additionally, 1 study uses GC alone and 1 SESI-MS, 3 studies 
utilise GC-MS QTOF, and a single study combines research 
on VOCs employing GC-FID, GC-MS and LC-TOF/MS. 
Three studies used E-nose solely to characterise the chemical 
signature of BC, whereas 5 studies identified VOCs both with 
E-nose and GC-MS (Supplemental Table 1).

A total of 1559 BC patients were included in this systematic 
review, ranging from 3 to 351 (median = 50) women per study 
in 14 different countries. Within included studies, BC alone 
(n = 27) or BC in combination (n = 4) with another cancer was 
studied (Table 1). Most included studies compared BC patients, 
of an often mixed histologic subtype with a healthy control 
population and/or patients with benign conditions (n = 8). 
Studies tended to include patients with early and advanced 
tumour stages, although the tumour stage was not reported in 



Leemans et al 5

12 studies. Interestingly, 8 studies categorised BC and employed 
categorisation within their data analysis.

A total of 260 VOCs were identified in association with BC 
within GC-MS studies. Full details of identified BC VOCs are 
provided in Supplemental Tables 4 and 5. Information on 
VOC calculation can be obtained in Supplemental Table 3. 
Results were commonly disposed of accuracy rates for correct 
VOCs classification of BC samples. The sensitivity of testing 
for BC diagnosis ranged from 73% to 100%, whereas specific-
ity ranged from 56% to 100%, with a higher specificity for 
E-nose (85% geometric average) compared to GC-MS studies 
(80% geometric average). It should be noted that only 14 out of 
32 included studies calculated sensitivity/specificity scores. 
Only 1 out of 32 studies64 conducted an external validation of 
the diagnosing model using a different dataset, while most of 
the studies conducted internal cross-validation.

Heterogeneity can be observed in all facets of the study pro-
cedure, from sample acquisition to data analysis. Given the 
technical discrepancy and diversity of compounds upon which 
volatomics models were established, meta-analysis was assumed 

unsuitable; alternately, a narrative synthesis of study findings is 
conferred next.

VOC captivation and conservation. The first step in the pro-
cess of VOC identification is VOC sampling and collection. 
Within the included studies different collection containers 
are employed for the various media, and pronounced differ-
ences in storage containers can even be found within a simi-
lar matrix. Most studies utilise temporary storage prior to 
pre-concentration. Various storage containers were employed 
for breath collection to identify BC associated volatiles. Of 
the 17 identified breath studies, 5 studies employed Tedlar 
bags, and 2 studies utilised Mylar bags among other captiva-
tion materials. Both urine, saliva and in vitro cellular medium 
were mostly collected into glass vials. After collection, sam-
ples are rarely directly processed and are conserved before 
analysis. Storage conditions were not specified in 12 out of 
32 studies. All urine samples were stored at −80°C. Discrep-
ancy is observed for both breath and cellular medium stor-
age, where breath samples were stored at −20°C, 4°C, or 

Figure 1. PRISMA flowchart.
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Table 1. Studies on the analysis of patient-derived body fluids, animal-derived fluids, and BC cell lines.

No. of study Title Author Disease

Case-control

 Breath

1 Early diagnosis of breast cancer from exhaled breath by gas 
chromatography-mass spectrometry (GC-MS) analysis: a prospective 
cohort study

Zhang et al51 Breast, gastric cancer

2 Differentiation between genetic mutations of breast cancer by breath 
volatolomics

Barash et al52 Breast cancer

3 Volatile organic metabolites identify patients with breast cancer, 
cyclomastopathy, and mammary gland fibroma

Wang et al53 Breast cancer

4 Investigation of potential breath biomarkers for the early diagnosis of breast 
cancer using gas chromatography–mass spectrometry

Li et al54 Breast cancer

5 Volatile organic compounds (VOCs) in exhaled breath of patients with breast 
cancer in a clinical setting

Mangler et al55 Breast cancer

6 Detection of lung, breast, colorectal, and prostate cancers from exhaled 
breath using a single array of nanosensors

Peng et al56 Breast, lung, colorectal, 
prostate cancer

7 Volatile biomarkers in the breath of women with breast cancer Phillips et al 57 Breast cancer

8 Prediction of breast cancer using volatile biomarkers in the breath Phillips et al 58 Breast cancer

9 Volatile markers of breast cancer in the breath Phillips et al59 Breast cancer

10 Quantitative analysis by gas chromatography of volatile carbonyl 
compounds in expired air from mice and human

Ebeler et al60 Breast cancer

 Urine

11 Implementing a central composite design for the optimisation of solid phase 
microextraction to establish the urinary volatomic expression: a first 
approach for breast cancer

Silva et al62 Breast cancer

12 Exploring the potential of needle trap microextraction combined with 
chromatographic and statistical data to discriminate different types of 
cancer based on urinary volatomic biosignature

Porto-Figueira 
et al63

Breast, colon cancer

13 A non-invasive approach to explore the discriminatory potential of the 
urinary volatilome of invasive ductal carcinoma of the breast

Taunk et al64 Breast cancer

14 Solid phase microextraction, mass spectrometry and metabolomic 
approaches for detection of potential urinary cancer biomarkers–a powerful 
strategy for breast cancer diagnosis

Silva et al65 Breast cancer

 Others

15 Volatomic pattern of breast cancer and cancer-free tissues as a powerful 
strategy to identify potential biomarkers

Silva et al61 Breast cancer

16 Screening of salivary volatiles for putative breast cancer discrimination: an 
exploratory study involving geographically distant populations

Cavaco et al30 Breast cancer

In vivo

 Urine

17 Urinary volatile terpenes analysed by gas chromatography-mass 
spectrometry to monitor breast cancer treatment efficacy in mice

Woollam et al66 Breast cancer

18 Detection of volatile organic compounds (VOCs) in urine via gas 
chromatography-mass spectrometry QTOF to differentiate between 
localised and metastatic models of breast cancer

Woollam et al67 Breast cancer

In vitro

 Culture media

19 Identification of characteristic compounds of moderate volatility in breast 
cancer cell lines

Tanaka et al68 Breast cancer

 (Continued)
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room temperature and cellular medium at −80°C, −40°C, 
−20°C or 4°C degrees. Besides storing conditions, also tim-
ing between sampling and analysis might differ between 
studies. Storage timings were only reported in 8 studies with 
variations ranging between 3 hours post-sampling to 
4 months after sample collection.

VOC detection. Twenty-four studies employ the GC-MS sepa-
ration technique to identify BC related VOCs combined with 
either SPME or thermal desorption, whereas only 3 studies 
employ GC-MS QTOF. The number of detected VOCs 

ranges between 3 and 646 (median = 109) volatiles with a ratio 
of detection between 40% and 100% and similarity with the 
NIST library varying between >75% and >90%. The purpose 
of the NIST library is to provide reference data for mass spec-
trometry-based volatomics; the higher the similarity with the 
reference database, the higher the chance of correct volatomic 
identification. A better verification of correct compound char-
acterisation can be obtained with compound confirmation by 
external chemical standards; 8 included studies verified the 
identity of some of the significantly classified VOCs. The 
amount of BC significantly related compounds in the 32 

20 Extracellular volatilomic alterations induced by hypoxia in breast cancer 
cells

Taware et al69 Breast cancer

21 Effect of H2O2 induced oxidative stress (OS) on volatile organic compounds 
(VOCs) and intracellular metabolism in MCF-7 breast cancer cells

Liu et al70 Metabolism in MCF-7 
cells

22 Volatile metabolomic signature of human breast cancer cell lines Silva et al71 Breast cancer

23 Investigation of biomarkers for discriminating breast cancer cell lines from 
normal mammary cell lines based on VOCs analysis and metabolomics

Huang et al72 Breast cancer

24 Investigation of VOCs associated with different characteristics of breast 
cancer cells

Lavra et al73 Breast cancer

Mass spectrometry

25 Breath mass ion biomarkers of breast cancer Phillips et al74 Breast cancer

26 Secondary electrospray ionisation-mass spectrometry and a novel 
statistical bioinformatic approach identifies a cancer-related profile in 
exhaled breath of breast cancer patients: a pilot study

Martinez-
Lozano Sinues 
et al75

Breast cancer

27 Fingerprinting breast cancer vs. normal mammary cells by mass 
spectrometric analysis of volatiles

He et al76 Breast cancer

E-nose

28 Breath biopsy of breast cancer using sensor array signals and machine 
learning analysis

Yang et al77 Breast cancer

29 Identification of profiles of volatile organic compounds in exhaled breath by 
means of an electronic nose as a proposal for a screening method for 
breast cancer: a case-control study

Díaz de 
León-Martínez 
et al78

Breast cancer

30 An in-vitro study for early detection and to distinguish breast and lung 
malignancies using the PCB technology based nanodosimeter

Venkatraman 
and Sureka79

Breast, Lung cancer

31 Effect of humidity on nanoparticle-based chemiresistors: a comparison 
between synthetic and real-world samples

Konvalina and 
Haick80

Breast cancer

32 Classification of breast cancer precursors through exhaled breath Shuster et al81 Breast cancer

Studies containing both GC-MS analysis and E-nose

2 Differentiation between genetic mutations of breast cancer by breath 
volatolomics

Barash et al52 Breast cancer

6 Detection of lung, breast, colorectal, and prostate cancers from exhaled 
breath using a single array of nanosensors

Peng et al56 Breast, lung, colorectal, 
prostate cancer

24 Investigation of VOCs associated with different characteristics of breast 
cancer cells

Lavra et al73 Breast cancer

30 An in-vitro study for early detection and to distinguish breast and lung 
malignancies using the PCB technology based nanodosimeter

Venkatraman 
and Sureka79

Breast, Lung cancer

31 Effect of humidity on nanoparticle-based chemiresistors: a comparison 
between synthetic and real-world samples

Konvalina and 
Haick80

Breast cancer

Table 1. (Continued)
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included studies ranged between 1 and 75 compounds with a 
median of 6 compounds. From all included studies, more than 
half (n = 17) of them identified whether the significantly altered 
compounds were increased or decreased in BC conditions 
compared to the healthy state. One should bear in mind the 
fact that chemical identification of VOC biomarkers might be 
inaccurate, given spectral matching can misidentify the chemi-
cal structure. Therefore, mass ions detected by GC-MS have 
been proposed as intrinsically robust biomarkers, given they are 
identified without spectral matching. Three out of 32 studies 
focussed on mass ion detection, wherefrom 2 display the meas-
ured mass divided by charge number (m/z value). No common-
ality between identified mass ions distinguishing BC state 
from healthy status has been found in these studies.

Seven studies employing an E-nose with a focus on BC 
have been identified, wherefrom 5 studies utilise additional 
GC-MS platforms to identify cancer-related VOCs. 
Remarkably, only 2 E-nose studies employ similar detection 
apparatus. Seventy-five percent of the E-nose studies con-
ducted VOC analysis on breath samples, remaining studies 
identified VOC patterns from tissue (1 study) or cell media 
samples (1 study).

VOC data analysis. For the discovery of unique biomarkers in 
complex chemical data sets, commonly multivariate methods 
such as partial least-squares to latent structures (PLS), orthog-
onal PLS (OPLS) or principal component analysis (PCA) are 
employed. Another technique for clustering complex data is 
the usage of hierarchical clustering analysis (HCA). Multiple 
statistical methods were employed, such as Mann-Whitney U 
test, Student’s t-test and one-way ANOVA. Most studies set 
significant values if the P-value is below 0.05, rather rarely 
adjusted P-values were employed. Also, many different algo-
rithms such as Random Forest (RF), Support Vector Machine 
(SVM), k-nearest neighbour have been employed to conduct 
Receiver Operator Characteristic (ROC) curve analysis. ROC 
analysis evaluates the specificity and sensitivity of the relevant 

volatiles. For validation of the utilised models, cross-validation 
and permutation tests were mostly applied.

Quality assessment

Assessment of biases and applicability on outcomes using 
QUADAS-2 are specified in Figure 2, Supplemental Tables 7 
and 8. First, the risk of bias was the highest for patient selection 
and index test. Elevated risk is obtained for the index test given 
that multiple studies did not validate their obtained results 
within the actual dataset nor in an additional, external, dataset. 
An induced risk of bias for patient selection was observed due 
to limited exclusion criteria, or no inclusion of benign condi-
tions. Furthermore, unclear risk of bias for ‘flow and timing’ 
was obtained given very few articles describe the time between 
the reference standard and the index test. There was no risk of 
bias for the reference standard, given that all research employed 
standardised methods for BC screening.

Second, for risk of applicability, a high risk for the reference 
standard, an elevated risk for patient selection and a low risk for 
the index test was determined. The high risk concerning the 
applicability of the reference standard can be deduced from the 
fact that limited studies subdivide BC into different subtypes, 
identifying subtype-specific BC volatiles and differentiating 
between different BC subtypes. Due to this practice in most 
selected research articles, BC is treated as a homogenous disease 
while various subtypes exist with potential different VOC signa-
tures, impacting the applicability of the obtained results to other 
data sets. Finally, patient selection raises a red flag given that some 
studies compared VOC patterns from only female BC patients 
with a mixed-gender control group or significant differences were 
found between the age of the BC patient and control subjects.

Identif ied VOCs in different sampling matrices

Sixteen GC-MS case-control studies have been identified 
from which 10 studies analyse VOCs in breath, 4 in urine and 

Figure 2. Summary of risk of bias and concerns regarding applicability for included studies: (A) risk of bias and (B) concerns regarding applicability.



Leemans et al 9

a single study for either tissue and saliva matrix, in which a 
total of 177 VOCs were associated with BC. About 15% of the 
identified VOCs were categorised as ketones or alcohols within 
case-control studies, closely followed by alkanes and aromatic 
compounds (Figures 3 and 4C).

Breath. Most GC-MS studies characterising BC-related vola-
tomics within this review were conducted on breath samples. 
From the 16 case-control studies, 10 studies determined VOCs 
in the headspace of breath samples from BC subjects using 
GC-MS (Figure 4D). Two out of the 10 studies were conducted 
in parallel research on an E-nose. Additionally, 4 out of 5 
E-nose studies researched breath sampling and 2 out of 3 MS 
studies. Within the case-control studies, 3 studies came from 
the same research group.57,58,84 Despite BC analysis in breath 
matrices containing the largest number of publications,10 it 
consists of very little recent research (only 1 study 2020, the old-
est study from 1997, median: 2011). Twelve studies from a total 
of 16 identified breath studies investigating end-tidal breath 
(=alveolar breath), 4 studies did not specify the breath category, 
and only 1 study investigated end-tidal expiration. On average, 
54 patients were recruited for GC-MS breath studies, low 
below the average of 159 patients for E-nose breath studies.  
A maximum of 17 different significantly altered VOCs were 
identified within 1 study.51 A total of 62 VOCs have been  
identified in breath, distributed over 12 different chemical 
classes. Most VOCs are categorised as ketones, alcohols or 
alkanes (Figure 4D). Within those 62 VOCs, only 1 ketone 

(cyclohexanone) and 1 alkane (n-heptanal) were identified in 
multiple studies, all other VOCs were uniquely identified.

Urine. Four articles investigated VOCs in the headspace of 
urine from BC patients and controls, with all 4 studies coming 
from similar collaborating members. A first study tested the 
hypothesis of whether BC can be deduced from the urinary 
metabolomic profile and obtained good discrimination between 
BC patients and control groups, however, a larger number of 
patients was required to confirm the results.65 In the second 
study, a larger panel of urine samples from BC patients from a 
different population was recruited and validated the obtained 
results in an external cohort.64 All studies characterised VOCs 
in first-morning urine. A total of 105 VOCs were found to be 
significantly altered within the 4 urine studies (Figure 4E). Up 
to almost 35% of the VOCs were categorised as ketone, fol-
lowed by 30% of aromatic compounds and 20% of alcohols. 
Compared to breath studies, urine studies showed more inter-
connections within the same matrix (Figure 6). In 3 out of 4 
studies, phenol and dimethyl disulphide were associated with 
BC odour. Furthermore, 5 compounds (p-cresol, acetic acid, 
2-amylfuran, furan, guaiacol, 1,2-dihydro-1,1,6-trimethyl-
naphthalene) were simultaneously found in 2 out of 4 studies.

In vivo. Only 2 studies analysed VOCs in in vivo studies. Both 
studies were conducted by the same research group and identi-
fied urinary VOCs in mice after injection with 4T1.2 murine 
tumour cells in the mammary pad. A total of 57 VOCs were 

Figure 3. Chemical classification of BC-related VOCs in different experimental settings.
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identified, with major groups being alkenes, ketones and alco-
hols. From the different experimental settings, the in vivo set-
ting identified the most significantly altered terpenes compared 
to the in vitro and case-control settings (Figures 3 and 4B).

In vitro. Six different studies investigating BC smell on in vitro 
studies using GC-MS have been identified, wherefrom one study 
additionally employs an E-nose. Five out of 6 studies employ 
MCF-7 cancer cell lines and 4 out of 6 utilise MDA-MB-231 
cells. An additional 5 other BC cell lines (SK-BR-3, BT-474, 
ZR75-1, T-47D and YMB-1) were used within the in vitro stud-
ies. Remarkably, few of the control cell lines were equal within the 
multiple studies: KMST-7, HMEC, CCD-1095sK or MCF-
10a cell lines were used. Within the 6 different studies, 26 signifi-
cantly altered VOCs were found with the largest category 
consisting of alcohols, followed by ketones and esters. Unlike all 
other experimental settings, no terpenes were identified to be sig-
nificantly altered within the in vitro setting (Figures 3 and 4A).

Other sampling strategies. Other sampling matrices such as 
saliva and tissue have been employed to decipher BC-associ-
ated volatomic signature using GC-MS technique. A total of 
10 VOCs were identified within these 2 studies (Figure 4F).

Overlaps VOCs in the different matrices. Minimal overlaps in 
terms of VOCs can be observed between the different studied 

matrices characterising BC odour. Only one common alcohol 
has been identified between breath, urine and in vitro media, 
namely 2-ethyl-1-hexanol (Figure 5, Supplemental Table 5). 
Most VOC commonality has been found between cell media 
culture and urine, with 5 common compounds, including 

Figure 5. Venn diagram of the altered VOCs in the headspace of 

different matrices from BC subjects. The presented VOCs alter 

significantly in BC subjects compared to controls.

Figure 4. Chemical classification of BC-related GC-MS identified VOCs in different experimental settings and different matrices: (A) in vitro, (B) in vivo, 

(C) case-control studies, (D) breath, (E) urine, and (F) other studies representing 1 study in saliva and 1 study in BC tissue.
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p-xylene, 2-heptanone, p-tert-butylphenol and octanoic acid. 
Four inter-mutual VOCs have been characterised between 
breath and urine wherefrom 2 alcohols (2-ethyl-1-hexanol and 
phenol), 1 aromatic (durene) and 1 aldehyde (hexaldehyde). 
Only 2 alcohols have been commonly identified between BC-
associated in breath or in vivo media (ethanol and 2-ethyl-
1-hexanol). When displaying both inter-and intra-matrices 
VOCs, one can observe that no apparent commonality is 
obtained among either VOCs obtained within inter-or intra-
matrices (Figure 6, Supplemental Table 5). Furthermore, a high 
divergence can be noted for the amount of significantly altered 
VOCs among the different studies.

Pathway analysis. Seven out of 32 studies selected studies con-
ducted pathway analysis on significantly altered VOCs to facili-
tate interpretation of the modified biological processes 
(Supplemental Table 6). For this, 3 different pathway databases 
were employed: KEGG, Metaboanalyst and the Metabolome 
Database. In total, 33 pathways were identified to be affected 
over the 6 different studies, wherefrom 21 are unique pathways. 
Interestingly, multiple pathways were identified in several 

studies; pyruvate metabolism was determined to be affected in 4 
individual studies, whereas sulphur metabolism and fatty acid 
biosynthesis were both altered in 3 separate studies. Butanoate 
and tyrosine metabolism and glycolysis or gluconeogenesis are 
changed in 2 studies; all 16 other pathways are identified to be 
changed in solely 1 study and can be consulted in Supplemental 
Table 6.

Discussion
This systematic review aims to estimate the value of VOCs in 
different matrices for BC screening. Up to now, mammography 
is mainly employed to screen for BC; however, this screening 
method has restricted sensitivity and specificity. Compared to 
the practices described in the introduction, VOC detection in 
breath or body fluids is non-radiative, non-invasive and poten-
tially economical. Furthermore, the accuracy of classification 
achieved by volatomic models suggests that VOC-profiling can 
be potentially used in BC diagnosis and management. Also, 
this technique could be employed to screen for BC in elderly 
women, given the little evidence of the risk-benefit ratio of 
mammography screening in this age group.

Figure 6. Network analysis of BC studies distribution based on detected volatiles. The number in the circles represents the number of the study, allotted 

similarly in Table 1; grey squares represent the number of significant altered VOCs. Different colours represent different matrices; yellow: urine, orange: 

breath, red: tissue, green: cell media, and blue: saliva. Studies that had no VOC connection with any other study were left out of the network.
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In the first part of the discussion, the altered VOCs in 
BC models/patients in the different matrices will be 
debated. Although the included studies have all obtained 
successful results on the use of expelled VOCs for the diag-
nosis of BC, there is considerable heterogeneity among the 
diagnostic identified VOCs. Therefore, in the second part, 
an analysis of possible reasoning behind this discrepancy is 
displayed.

Breast cancer-related VOCs

BC-related VOCs have been identified in multiple matrices 
such as breath, urine, saliva, tissue, in in vivo and in vitro exper-
iments (4.1). The origin of most VOCs in various cancers has 
not yet been characterised. Comprehension of the metabolic 
pathways that lead to the generation or elimination of these 
VOCs will develop a better understanding of the biochemical 
alteration that arises in cancer (see 4.2). Major findings of 
VOCs in the matrices are discussed below.

Breath. Human exhaled breath is mainly composed of nitro-
gen, carbon dioxide, oxygen, water vapour as well as some inert 
gases.85 In the past, more than 3000 different VOCs have been 
identified in the exhaled breath of healthy subjects.31 Many 
candidate volatiles in exhaled breath of BC subjects have been 
reported so far, unfortunately, no striking volatiles characteris-
ing the onset of BC have yet been elucidated. Of the 62 identi-
fied VOCs in breath studies, alkanes and alcohols were the 
most substantial groups identified (Figure 4D). Induced pro-
duction of alkanes has been presumed to be due to the enhanced 
oxidative stress correlated with tumour advancement. The 
increased metabolism that accompanies tumour cell prolifera-
tion drives oxygen free radical production as well as the peroxi-
dation of polyunsaturated fatty acids in membranes and, hence, 
the emission of alkanes.86,87

Alcohols can be detected due to alcohol ingestion from bev-
erages and food, which are further absorbed through the gas-
trointestinal tract and then liberated into the bloodstream. 
Besides, alcohol can be produced from the metabolism of 
hydrocarbons. Alcohol metabolism might be altered by con-
founding factors in the body, such as different amounts of fat or 
water content among different individuals.88

Most studies were conducted on end-tidal breath within 
this BC volatomics review. This type of air is established to 
contain high levels of endogenous VOCs and minimal con-
taminants. Lawal et  al38 investigated the heterogeneity of 
breath sampling methods by conducting a review to identify 
the current state of the art in the breath-omics field. Lawal et al 
identified late expiratory breath as the most common breath 
type within a review of 110 breath volatomics articles. Research 
has demonstrated that the concentration of VOC is different 
in end-tidal breath and whole breath.89 This research under-
lines the need for standardisation in the breath research 
community.

Urine. Four studies determined VOCs in the headspace of urine 
samples from BC patients. 105 VOCs were identified, with the 
major classes being ketones and aromatic compounds. The 
source of aromatic compounds is still unexplained and might be 
possible environmental contaminants.90

Other sampling strategies. Other sampling matrices such as 
saliva and tissue have been employed to decipher BC-associ-
ated volatomic signature.

Cavaco et al30 investigated BC related volatomics in saliva 
and optimised several parameters that influence the HS-SPME, 
namely the sample ionic strength, the fibre, volume, pH, agita-
tion, time and temperature of extraction. Furthermore, the 
same study compared volatomics patterns in saliva samples in 2 
distinct geographic regions; in Portugal and India. Interestingly, 
distinct populations contain different abundant chemical fami-
lies in their saliva; alkanes, esters and aldehydes were barely 
detected in Portuguese subjects, whilst they are abundant in the 
Indian populations. Variations in saliva VOC composition for 
the distinct groups analysed possibly contribute to multiple 
factors, with the genetic background and diet probably playing 
a major role.

Two studies were conducted on biopsy tissue samples. Ex 
vivo analysis of VOCs emitted by tissue samples supplies a 
unique chance to identify volatomic patterns correlated with a 
BC state and can be considered as an additional source of 
information on volatile biomarkers found in breath, urine or 
saliva. It should be noted that variation in the form of tissue 
samples could affect headspace extraction and consequently 
the repeatability of the measurements. Additionally, the avail-
able tissue samples used61,79 were rather small (~10 mg or 
100 mg respectively), which potentially influence the sensitivity 
of the analytical method employed and thereby the recognition 
of volatiles in trace concentrations.

Surprisingly, no case-control studies were found to investi-
gate BC volatomics in either sweat, faeces or blood.

In vivo. Animal studies are a kind of central field between in 
vitro experiments and human clinical studies. The majority of 
animal studies employ laboratory-bred rats or mice that are 
mostly genetically identical. Limitations of the included in 
vivo volatomic studies are that the experiments are carried out 
in a controlled environment on immunocompromised mice 
from the same chow infected with the same tumour cells, while 
greater metabolic heterogeneity will be present in human sam-
ples. Interestingly, urinary VOC panels primarily comprising 
volatile terpenes were able to differentiate healthy control mice 
from tumour-bearing mice.66

In vitro. The analysis of VOCs formed by cancerous cell lines 
in their microenvironment as the originator of biomarkers 
should theoretically aid to resolve the question about the VOC 
origin. Cell lines have a benefit over other matrices in that the 
environmental variables are more controllable, making results 
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more easily interpretable and offering a lower cost and better 
reproducibility. This method can eliminate various confound-
ing factors correlating with the analysis, such as sample collec-
tion, storage, manipulation process, and variation in patients’ 
metabolic state, diet, age or gender. Despite this, the experi-
mental setup does not assure that the assembled volatomics 
signature is composed solely of endogenous compounds. There 
are possibly VOCs generated by the extraction devices, the 
sampling environment, or the surrounding culture medium. 
For example, Silva et al71 investigated the influence of pH on 
the VOCs identified from culture media and demonstrated 
that a different pH led to distinct dominant chemical groups in 
volatomic patterns.

Twenty-six VOCs were identified to be related to BC in an 
in vitro setting. Most of those VOCs were categorised as 
ketones. Ketone production has been shown to drive tumour 
progression and metastasis.91 Also, cancer initiation and pro-
gression have been correlated with oxidative stress by enhanc-
ing DNA mutation or increasing DNA damage.92 Therefore, 
Liu et al70 investigated elevated oxidative stress in BC cell lines 
and identified 15 VOCs that were statistically different 
between the induced oxidative stress compared to the control 
group.

A shortcoming of the conducted in vitro studies is that the 
conventional 2D cell culture environment does not resemble 
the in vivo condition. None of the included in vitro studies car-
ried out headspace analysis of a 3D model, which better simu-
lates the physiological growth of cancerous cells. Also, cells are 
handled in an atmospheric hyperoxic environment, while 
tumours grow in hypoxic conditions, altering cell metabolism 
and possibly the VOC assembly. Only one study conducted cell 
culture in hypoxic and normoxic conditions.69 Taware 
et al69 identified a total of 27 BC-specific VOCs wherefrom 9 
were determined to be uniquely associated with the hypoxic 
environment, whereas 6 VOCs were specific for the normoxic 
condition, and 6 VOCs were found to be shared for both con-
ditions. Therefore, in vitro research should cultivate cancer cells 
in hypoxic environments, using 3D models, to come closer to 
the in vivo setting.

Overlaps VOCs in different matrices. Very few overlaps of BC-
correlated VOCs have been obtained between the different 
matrices. 2-Ethyl-1-hexanol was identified as a common VOC 
between breath, urine and in vitro media (Figure 5, Supple-
mental Table 5). 2-Ethyl-1-hexanol has been demonstrated to 
play an important role in discrimination between normal lung 
cell lines and lung cancer cell lines93 and therefore seems rather 
a general biomarker for cancer and unspecific to BC. Also, the 
5 commonly characterised VOCs between cell media and urine 
have been identified as discriminating VOCs between the 
healthy and sick states in different cancers. For example, 2-hep-
tanone and p-tert-butylphenol, both characterised in urine and 
in vitro media, have been identified as significantly altered in a 

gastric cancer cell line or urine of head and neck carcinoma 
patients, respectively.94,95 Note that many studies obtained a 
good discrimination on VOC signature between healthy sub-
jects and the evaluated disease, although one of the major limi-
tations is the shortfall of the certainty of discrimination 
between different illnesses. Interestingly, Rodríguez-Aguilar 
et al96 evaluated the discrimination capacity in chronic obstruc-
tive pulmonary disease, lung cancer, BC by chemoresistive sen-
sors and identified a characteristic chemical fingerprint of each 
disease. Taken together, it should be kept in mind that various 
of the VOCs for BC have been reported for other diseases and 
this is a significant hindrance to the translation of VOC analy-
sis to the clinic.

BC-specif ic VOC pathway analysis

Pathway analysis methods aid researchers identify the biologi-
cal function of gene sets or volatiles within malignant tissues, 
thereby stimulating new cancer treatments’ design.97 
Unfortunately, few studies are designed to research the molec-
ular mechanisms and exhalation kinetics underpinning the 
production of volatile biomarkers in cancer. Such research is 
necessary to comprehend the components that impact test per-
formance and clarify the diagnostic model. Researchers have 
hypothesised that VOCs of BC relate to modified oestrogen 
metabolism mechanisms. This assumption is supported by the 
fact that oestrogen stimulation can induce the proliferation of 
both normal and neoplastic mammary epithelial cells.98

A defining hallmark of cancer is unrestrained cell prolifera-
tion. The proliferation is established once cells have assembled 
modifications in signalling pathways that control both prolif-
eration and metabolism, wherein the metabolic alterations sup-
ply the energetic and anabolic requirements of the induced cell 
proliferation.99 Four individual studies out of 6 studies that 
conducted pathways analysis demonstrated that pyruvate 
metabolism was affected in BC-state. Pyruvate has been proved 
to be one of the key metabolites controlling stem cell function 
by partly maintaining self-renewal or differentiation. 
Importantly, medication adjusting pyruvate metabolism was 
described to modify the balance between differentiation states 
and self-renewal.100

Furthermore, sulphur metabolism was shown to be affected 
in 3 separate VOC studies. Sulphur is derived from the dietary 
consumption of the proteinogenic amino acids cysteine and 
methionine, as only lower organisms (plants, fungi, bacteria) 
can synthesise them de novo. The constitution of these sulphur-
containing amino acids gives rise to intermediate metabolites 
that establish the cellular antioxidant system, aid the epigenetic 
regulation, and intervene in intra- and intercellular signalling, 
all of which contribute to tumorigenesis.101 Next, fatty acid 
biosynthesis was found to be affected in 3 separate VOC stud-
ies. Fatty acids can serve as fuel sources for energy production 
in cancerous cells; they serve as vital secondary messengers, 
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have a principal role as structural components in the mem-
brane matrix and are, therefore, involved in the mechanisms 
through which cancer cells rewire their metabolism.102 Because 
cancer cells have aberrant cell growth and proliferation, they 
need to accumulate additional metabolic intermediates for cel-
lular building blocks; cancer cells, therefore, exhibit often a 
shift towards fatty acid synthesis.103

Experimental set-up and VOC sampling

In common with various research fields, there is a clash between 
innovation and standardisation. To date, there is no uniform 
standard procedure for candidate tumour markers in expelled 
VOCs from fluids from BC patients. Standardisation of VOC 
collection and analysis is essential. The little VOC overlaps 
reveals that the results of VOCs testing depend on various fac-
tors related to the patients’ physiologic condition, sample col-
lection as well as test environment among others.

Patient selection. Most VOC research highlights the non-inva-
sive nature of VOC sampling which enhances patient accept-
ability. However, the composition of expelled matrices is 
influenced by multiple factors, such as hereditary features (gen-
der, nature, diseases, age), as well as behavioural habits (drink-
ing, smoking, . . .). Haze et al33 demonstrated that 2-nonenal, 
an unsaturated aldehyde, was detected only in older subjects 
(40 years or older) and suggested that this change could be due 
to alterations in skin surface lipids with ageing. Therefore, a 
source of bias within volatomics studies is the presence of con-
founding factors that should be verified within the analysis. 
Confounders are characteristics that are unequally dispersed 
between the BC state and healthy controls and can potentially 
be the underlying reason for the observed differences. Differ-
ent strategies can be employed to limit confounding factors at 
the design stage of the experiment. The first strategy for con-
founder limitation can be obtained by matching control groups 
to the BC group so that they are equilibrated for potential con-
founders. Second, experimental conditions should stay con-
stant during all the experiments, such as location and 
instrument. Third, experiments should be randomised for 
expected confounders that can be regulated. External valida-
tion of the obtained results is the ultimate technique to verify 
the validity of the predictive model. Clinical confounding fac-
tors can be of high importance for VOC generation such as the 
patient’s characteristics, the medical conditions as well as the 
taken medication. Another disease, such as inflammation or 
infection in different tissues, may induce a confounding source 
of oxidative stress and skew the results of the VOC test.84 
Therefore, it is crucial to get very strict and well-defined inclu-
sion and exclusion criteria where control subjects correspond as 
much as possible to the subjects of interest. Various articles 
within this systematic review do not match the age, gender and 
lifestyle of the healthy controls with the cancer patients and 

this might greatly bias the obtained results. Also, the number of 
recruited subjects is highly variable, with a low sample size 
potentially highly biassing the obtained results.

Besides, all patients should have conducted reference stand-
ard diagnostic testing and both the reference and index test 
should be performed well before therapeutic intervention. 
These elements should be accurately stated in the diagnostic 
study, despite most research included within this systematic 
review does not report the reference standard test or acknowl-
edge the interval between the reference and index test.

Finally, most research identified within this systematic 
review includes patients with early as well as advanced BC 
stages. Even though it is mainly hypothesised that VOC test-
ing might be implemented in the detection of early-stage can-
cers. In the future, studies should determine the precise role of 
the tumour stage and other factors, including the association of 
histologic and molecular subtypes with the diagnostic accuracy 
of proposed VOC tests.52 For this, a threshold for separating 
patients with cancer of different stages and tumour subtypes is 
required before embarking on masked validation studies.

Standardisation of sampling. The different sampling methods 
are prone to different biases. It is important to take into consid-
eration the type and reliability of collection methods as well as 
the environment. Also, the factors that affect the transfer (time 
and temperature) of the samples to the laboratory of analysis 
should be carefully taken into consideration. Research should 
state clearly the stability of the target VOCs within the collec-
tion methods to identify the period before losing VOCs at a 
certain storage temperature. Also, the timing of sampling dur-
ing the day could be of importance for certain body fluids such 
as urine.104 Many discrepancies have been found in the level of 
storage conditions, storage time, and storage container (see 
Supplemental Table 2). Only 1 study described clearly to have 
researched VOC conservation.52

Not only a good selection of patients among the target pop-
ulation but also a selection of the environment where the VOC 
test will be performed needs to be carefully picked. A great 
quantity of VOCs in the diverse matrices are generated from a 
pure exogenous source, which is neither of bacterial nor human 
origin. Only compounds produced internally in the body can 
be examined as biomarkers, which is problematic given the ori-
gin of most volatiles is still unknown.105 Even if internal body 
fluids are analysed (eg, urine), it does not guarantee the endog-
enous origin of the analytes, given various inhaled VOCs may 
dissolve in the blood,106 be stored in various body compart-
ments and are potentially later excreted. Many exogenous 
VOCs can be deduced from occupational exposure, environ-
mental pollutants or household chemicals. Therefore, environ-
mental VOCs within the location where the sampling was 
performed and laboratory air measurements should be taken 
into consideration. Interestingly, multiple studies constructed a 
subtraction chromatogram where the abundance of VOCs in 
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breath was determined minus their abundance in ambient 
room air.54,57

Another potential strategy for BC diagnosis via VOC is to 
exploit the volatomics signature by biomarkers found in various 
sample types. Hanai et al107 investigated whether unique VOCs 
could be distinguished in the culture medium of lung cancer 
cell line in complement to the urine of mice implanted with the 
same cell line, however, both sample types produced distinct 
biomarker profiles.

VOC detection techniques

260 VOCs have been identified in the different matrices of BC 
patients using GC-MS. Nevertheless, in the included studies, 
only 25 VOCs were detected in more than one study, indicat-
ing the volatomics field’s low repeatability. The most common 
identified VOC used to screen BC was phenol, which was 
detected in 5 different studies, followed by acetic acid, signifi-
cantly altered in 4 individual studies. Nowadays, internal vali-
dation of obtained results is becoming a standard procedure, 
and as the participant count increases in the more recent stud-
ies, the risk of overfitting the diagnostic models will further be 
diminished. At the same time, the identification of which fea-
tures of the complex datasets should be enclosed within the 
analysis has ameliorated. However, compound characterisation 
continues to be insufficient with minimal studies verifying the 
putative identification against chemical standards. The chemi-
cal identification of the compounds shown should be regarded 
as tentative given their chemical structures were inferred from 
the similarity between their obtained mass spectra and mass 
spectra within the computer-based NIST library, especially 
when low-match scores are employed. Although broadly uti-
lised as an analytical tool, this approach is susceptible to error. 
Future research will be necessary to validate the chemical iden-
tities of candidate VOC biomarkers of BC by comparing their 
mass spectra and retention times to those achieved from pure 
compounds. Better characterisation of chemical compounds 
will allow the identification of the biological origins of the 
established distinguishing VOCs. A potential resolution to this 
problem is to investigate the matrices’ mass ions as potential 
candidate biomarkers of BC. Mass ion may provide a poten-
tially more robust biomarker given it allows diagnosis by pat-
tern recognition without the need for chemical identification 
of the underlying VOCs.

Furthermore, the observed inter-study variability stated 
within this review may be linked to instrumental variabilities, 
such as operator or different location. Comparison of GC-MS 
data between different laboratories can be challenging given 
the changeable nature of the technical equipment. Common 
reasons for reproducibility problems are hypersensitivity to 
instrument conditions, presence of non-automated procedures 
and instrumental shifts in time. Potential confounders may be 
prevented by cautious experimental design. In untargeted 

volatomics research where key metabolites are not a priori 
known it is challenging to keep the sensitivity of the analytical 
procedure stable. Possible solutions include the utilisation of 
calibration methods based on both internal as well as external 
standards to identify correct analytical variation. Therefore, it is 
suggested to quality control samples to quantitatively measure 
the variation within and between experiments. Ideally, to assure 
robustness beyond a particular research laboratory, would be to 
conduct multicentre studies.

There is dissension regarding the necessary knowledge to 
accomplish successful VOC diagnostic testing. One can argue 
that as long as the VOC pattern between diseased and healthy 
states can be distinguished, there is no requirement to compre-
hend the origin of the established volatiles. Other experts 
simultaneously identify environmental VOC contaminants 
given they might be erroneously appointed as endogenous 
compounds.54 While this may be a point of bias in limited 
cohort studies, this might minorly affect the results in large 
patient cohorts. Therefore, the quality of analysis between the 
comprised research papers is discordant and hampered by the 
small number of participants in multiple studies. External vali-
dation experiments against multicentre studies will be essential 
to confirm internal and external validity and inform clinical 
applications.

An alternative procedure to the potential exogenous origin 
of proposed VOC analysts targets the detection of important, 
previously demonstrated, chemical groups such as aldehydes 
solely as makers of cancer.108 Research has demonstrated that 
oxidative stress is one of the major causes of cancer progression 
via the up-regulated production of reactive oxygen species and 
nitrogen species inducing mutations.109 Both hydrocarbons 
and aldehydes are known to be related to oxidative stress, given 
they are products of lipid peroxidation, but the precise proce-
dure of their appearance in body fluids and breath remains 
unclear.110

Another possibility for VOC detection can be an electronic 
sensor device, due to its potential small size and cheaper cost. 
However, electronic sensors also have several inconveniences 
depending on the nature of the detector serving as the sensing 
part of the device. For all sensors, there is a need for controlled 
airflow, as well as other environmental variables should be reg-
ulated including temperature and humidity. Sensor drift, par-
ticularly when exposed to multiple gas mixtures, should be 
taken into account.

Animal BC detection studies have been left out of this 
review. Despite this, dogs have proven to perceive VOCs related 
to cancer because of their acute sense of smell. Currently, canine 
clinical BC-detection studies are ongoing to evaluate the effi-
cacy of such a diagnostic method.111 The canine method has 
multiple advantages as a potential cancer-screening approach, 
given its ease of testing and interpretation of results. Major 
limitations of this method are related to the fact that it is still 
unknown to which chemical compounds or combinations of 
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compounds the dogs react. The detection accuracy fluctuates 
due to failure in the conditioning of the dogs or confounding 
factors. Canine studies would highly benefit from VOC bio-
marker identification in the scope to synthesise ‘BC odour’ to 
produce reproducible training samples for the dogs.112 Taken 
together, for scientific purposes, it is rather best to employ the 
different methods (analytical chemistry, E-noses, animal stud-
ies) in complement.

VOC data analysis

The major objective of measuring volatiles in different matrices 
is the characterisation of a specific pool that, at a defined con-
centration, shows a high level of significance as a putative bio-
marker for early-stage diagnosis of the disease of interest. The 
data analysis part is becoming of increasing importance in 
omics-research with the standardised process depicted in 
Figure 7. Current detection techniques employed for volatom-
ics detection generate enormous possibilities for signal record-
ing, which promotes that the data analysis, as well as the 
interpretation, might become the bottleneck in the process. In 
multiple studies, when obtained results cannot be reproduced 
by different research groups, statistical bias is put forward as a 
potential explanation for the original over-optimistic results. In 
many studies included within this systematic review, a P-value 
is employed as a univariate measure of significance for the dis-
crimination of metabolites between BC and healthy condi-
tions. Application of the same statistical test to each of the 
VOCs in the data would result in an elevated number of false 
positives (called type I errors). To diminish the chances for type 
I errors, methods for multiple testing should be employed. A 
recommended alternative option is to construct predictive clas-
sification models to determine the predictive power of the 
putative biomarkers. For this, the calculated specificity and 
sensitivity should satisfy the clinical demands of usage.

Unfortunately, in cancer research, most data are derived 
from small pilot studies which can lead to data overfitting, 
which consists of modelling noise instead of information. 

Overfitting is one of the main components by which some 
research performs with high performance but does not present 
a reproducible outcome.113 In many studies with a low subject 
number, the data contains much higher dimensionality than 
the sample count, inducing the overfitting of the model. As a 
result, the model will fail to adapt to additional data, and this 
possibly will alter the accuracy of predicting future observa-
tions. Therefore, overfitting must be adjusted by the use of vali-
dation techniques, adapting the model to the data’s complexity. 
Partial Least Squares-Discriminant Analysis (PLS-DA) mod-
els are prone to overfit114 and verification should be performed. 
Internal validation of the model mostly consists of partitioning 
the data into different training and testing sets, whereby the 
model is built on the training set and its performance is verified 
on the testing set. Validation of the included predictive models 
typically relies mostly on cross-validation, Monte Carlo sub-
sampling or bootstrapping. Again, most included research 
within this systematic review does not include external valida-
tion, which is the most adopted method to acquire an unbiased 
evaluation of the model. External validation includes testing 
the model both in different instrumental and sampling condi-
tions. Irreproducibility of volatomic results is highly correlated 
with current practices in model validation since external valida-
tion is uncommon.

Conclusion and Future Directions
The major aim of volatomics studies in clinical research is to 
enable the detection of a disease of interest with high certainty, 
noninvasively, potentially cheaper, simpler way and with mini-
mal health risk. Research of the ‘smell of cancer’ is really elegant 
in the simplicity of the concept; despite there are still restraints 
to applying this concept clinically. GC-MS is still the gold 
standard method to analyse VOC biomarkers. However, it is 
not a simple method to implement in the clinical setting given 
its non-portability and the expenses that come along. Therefore, 
it is more probable that, once a disease-associated volatile sig-
nature is identified, the forthcoming approach to be used in 
clinical studies might be the E-nose or animal detection 

Figure 7. Workflow for volatomic analysis. First, measuring devices are needed (eg, GC-MC, GC-MS QTOF, SIFT-MS, E-nose) and the acquired data 

needs to be pre-processed (eg, normalisation, noise filtering, feature extraction). Next, data pre-processing enhances data quality by discarding variance 

and bias. Feature selection is employed to characterise the variables that have the predictive capacity for the condition of interest. Further, dimensionality 

reduction techniques mostly need to be utilised to avoid problems related to the curse of dimensionality. Various statistical techniques are employed to 

detect patterns in the large data sets with either regard to sample classification (supervised) or inconsiderate of the sample classification (unsupervised). 

After, a predictive model is built on a certain set of samples (training set) and evaluated on another set (validation set) of samples. Model selection is 

necessary to pick the optimum model with the best performance. Finally, the biological connotation of the obtained results can be given by the usage of 

metabolic databases such as KEGG database.



Leemans et al 17

method due to its ease of testing over GC-MS. For research 
purposes, it thus seems ideal to use different methods in 
complement.

Obtained results within this systematic review demonstrate 
that many VOCs were identified in different body fluids/
breath of BC patients and in in vitro cell BC-related lines, 
despite very few of these VOCs could be detected in multiple 
studies and/or matrices. Therefore, large-scale evaluation stud-
ies, preferably with subjects from different countries and eth-
nicities, are necessary to characterise common VOC profiles in 
the different matrices. To further foster implementation in 
practice, there is an urgent need for minimum reporting stand-
ards, technical standards, uniform sample processing and 
standardised data analysis. Additionally, longitudinal multi-
centre clinical trials, as well as external validation in independ-
ent population samples, will be key for further advancements. 
Finally, the elucidation of the biochemical pathways involved 
in VOC production to establish more detailed information on 
the involved BC mechanisms will be necessary for further 
research. Armed with these tools, the next generation of vola-
tomics evidence should show the full potential of expelled 
VOCs and aid canine cancer detection research.
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