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Abstract: The anticipated diagnosis of cancers and other fatal diseases from the simple
analysis of the volatiles emitted by the body (volatolome) is getting closer and closer
from becoming reality. The promises of vapour sensor arrays are to provide a rapid,
reliable, non-invasive and ready-to-use method for clinical applications by making an
olfactive fingerprint characteristic of people’s health state, to increase their chance of early
recovery. However, the different steps of this complex and ambitious process are still paved
with difficulties needing innovative answers. The purpose of this review is to provide a
statement of the blocs composing the diagnostic chain to identify the improvements still
needed. Nanocomposite chemo-resistive transducers have unique prospects to enhance
both the selectivity and sensitivity to volatile biomarkers. The variety of their formulations
offers multiple possibilities to chemical functionalization and conductive architectures that
should provide solutions to discriminations and stability issues. A focus will be made on
the protocols for the collection of organic volatile compounds (VOC) from the body, the
choice of vapour sensors assembled into an array (e-nose), in particular, chemo-resistive
vapour sensors, their principle, fabrication and characteristics, and the way to extract
pertinent features and analyse them with suitable algorithms that are able to find and
produce a health diagnosis.

Keywords: volatolome collection; vapour sensors selection; electronic nose design; features
extraction; artificial neural networks; health diagnostic; chemo-resistive

1. Introduction
Cancers are a threat to humanity. According to the World Health Organization,

19.9 million new cases of cancer were diagnosed in 2020 with most of them concerning
breast, prostate, lung or colorectum [1]. Furthermore, with the acceleration in population
growth and social aging, the global cancer burden will continue to increase until 2045 in
about 64.5% of people in Asia, 22.5% in Europe, 43.2% in North America, 69.2% in Latin
America, 106.8% in Africa and 59.0% in Oceania. The number of new cases expected to be
diagnosed is around 28.4 million by the year 2040 with an increase of 47% when compared
with 2020. This prediction is mostly based on the growth of population and aging. But if
other lifestyle factors are taken into consideration, these figures will be much higher.

Figure 1 (left) shows that the ratio between mortality and incidence is decreasing for
breast, prostate and colorectum cancers but it remains high for lung, liver, oesophagus and
pancreas cancers. This prediction is of course sex dependent as seen in Figure 1 (right)
despite the fact that the incidence is generally larger for men than for women as far as
genitals are not involved.
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Lung cancer is the most common type of cancer which causes a huge number of deaths
every year, more than any other type of cancer or disease. The survival rate of initial-stage
patients is about 60 to 80% but because of current screening techniques, cancers in only
15% of patients are detected before they develop metastatic disease [2–4]. This starts in
the cell lining of the bronchi and the alveoli parts of the lung. In the initial state, cells
start growing rapidly but cannot be diagnosed by x-ray tests and no symptoms are shown.
When cell growth causes tumours in the lung, it may spread to other parts of the body
through the blood. There are two types of lung cancers: small cell lung cancer (SCLC) and
non-small cell lung cancer (NSCLC). About 10–15% of cases of lung cancer are of the SCLC
type. It is a very rare type of cancer for those who have never smoked. NSCLC accounts
for 85–90% of the lung cancer spread in the population. Lung cancer is usually caused by
tobacco smoking (active and passive), radon irradiation, exposure to asbestos fibres, air
pollution, radiation therapies for other diseases, the presence of arsenic in drinking water,
and a family history of lung cancer. Most of the time, lung cancer symptoms appear when
the disease is in its non-curable stage. It is mainly diagnosed by sputum cytology, chest
X-ray tests and Computed Tomography (CT) scans [5–7].

Skin cancer is caused by skin exposure to ultraviolet UV radiation from sunlight, and
artificial UV sources such as sun lamps and tanning booths. Skin cancer is more probable
in individuals with very fair skin which easily burns in the sun and those with arsenic
exposure at the workplace. There are mainly two types of skin cancers: melanoma and
nonmelanoma. Nonmelanoma skin cancer is also of two types, basal cell skin cancer and
squamous cell skin cancer mark [8]. Melanoma skin cancer incidence rates have been
increasing over the years, and it is the major cause of skin cancer deaths [9]. Patients’
survival rates depend on the early diagnosis of the disease. It accounts for around 5%
of all skin cancer cases in the world [10]. Nonmelanoma-type skin cancers are the most
common types of skin cancer cases in the white population [11]. The nonmelanoma type
of basal cell skin cancer is frequent and it usually does not spread to other body parts.
Basal cell skin cancer accounts for 80% of all skin cancer cases followed by squamous
cell skin cancer which accounts for 16% [12]. Therefore, melanoma is the deadliest form
of skin cancer. It is curable when it is in the upper part of the skin and currently, it is
examined by visual inspection of the skin, Sentinel Lymph Node Biopsy (SLNB), Positron
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Emission Tomography (PET), and combined CT/PET [13]. These techniques are invasive,
complicated, and require a specialist to perform and early detection is very difficult.

2. Cancer Detection
2.1. Conventional Methods

Different types of cancers present the biggest health casualties in our daily lives.
Early detection of cancers is a very big challenge. The American Cancer Society (ACS)
recommends an annual mammography for every woman aged above 40 years for early
breast cancer detection [14]. The drawback of mammographies are that they cannot detect
all forms of breast cancer and sometimes predictions may be false [15]. In some cases,
additional biopsy is required which is a very painful technique and it carries the risk of fatal
infections. Lung cancer, which accounts for 14% of newly detected cancer cases [16], causes
the death of both men and women. For the detection of lung cancer, the chest X-ray is mostly
used. But early detection of lung cancer by this method is not easy as the identification of
small tumours is nearly impossible [17]. Other than that, conventional techniques are very
expensive and out of reach for most of the world’s financially disadvantaged population.
The survival of a cancer patient depends on the stage of the cancer’s detection as the earlier
it is, the more chances there are to survive. Common techniques for breast, lung, and skin
cancer detection are Computed Tomography (CT), Magnetic Resonance Imaging (MRI),
Positron Emission Tomography, Septum Cytology, Single Photon Emission Computed
Tomography, etc. [18–22]. These techniques are not fully reliable and invasive. Most of
the time, patients must suffer from huge pain and unwanted radiation. Early detection
of cancer is a very challenging area of research. It includes the development of chemicals
and biosensors for the detection of different cancer biomarkers [22] and the design of a
specialized drug delivery system for efficient treatment of cancer cells [23].

2.2. Recent Developments

Cancer screening is the most important step in its prevention and treatment. It should
be diagnosed as early as possible to prevent casualties. The ACS has issued various
guidelines, based on the data collected by various cancer-screening trials, for doctors and
clinicians [6,24,25]. Doctors have been advised to access high-quality cancer screening and
treatment facilities to diagnose patients based on their age, smoking history, habits, and
health conditions. Clinicians are advised to tell their patients about future health conditions
based on their current health status. A chest X-ray is not advised for the detection of lung
cancer because of the radiation-associated side effects. Instead of this, Low-Dose Computer
Tomography (LDCT) is suggested for adults less than the age of 74 years. LDCT has
substantially reduced the deaths from lung cancer. But some drawbacks are also associated
with it. LDCT can give false positive results in some diagnoses. Therefore, it requires
repetitive testing and invasive methods to confirm the presence of cancer tumours in the
lungs. Young patients should be screened, diagnosed, and treated for various cancers by an
organized screening program with a multidisciplinary team of skilled doctors and clinicians
at a high-end facility. A model study on lung cancer [26] suggested that the extension of
age cancer screening from 74 years to 80 years could reduce the 14% mortality rate in lung
cancer cases. Nowadays, various health organizations are issuing similar guidelines for
lung cancer screening based on family history, work exposure, tobacco smoking, etc. [27–30].
Early screening for cancer is very important for saving millions of lives worldwide. Current
techniques are expensive, invasive, and have a lot of complications; therefore, there is
a requirement for an easy, reliable, and non-invasive technique [31]. Metabolic changes
caused by cancer cells alter the production of VOC in the blood which leads to changes
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in the VOC in exhaled breath [32,33]. Therefore, the anticipated diagnosis of cancer by
real-time volatolome sensing can be a very useful tool [34–37].

2.3. Volatolome Analysis, a Promising Diagnosis Method

The detection of diseases using blood, body fluids, tissue testing and the direct mea-
suring of blood samples is a primary diagnostic tool. However, the organic components of
exhaled breath are directly correlated to their blood concentrations through gas exchange
in the lungs. Volatile organic compounds (VOC) have been researched for many years for
the diagnosis of various diseases [38]. This analysis enables the detection of biochemical
processes in the body in a non-invasive way. Previously, ancient Greeks used the odour of
patients’ breath for the detection of some diseases. In the twentieth century, breath analysis
was revolutionized by Pauling et al. who detected nearly 200 VOC in human breath using
gas chromatography [39]. The combination of all of the VOC coming out of the human
body is known as volatolome [40] and more than 1800 VOC have been found in human
urine (279), blood (154), saliva (359), milk (256), skin (532) and breath (872) [41]. Therefore,
human-exhaled breath has a health print of the body in its composition [42,43] and it can
be directly related to the current condition of the lungs, asthma, and allergies [44,45]. The
headspace of urine was also found to reveal biomarkers of colorectal [46] or prostate [46–48]
cancers. Biomarker VOC analysis is a painless detection method and relevant screening
technique for the anticipated diagnosis of cancers [49,50].

Most of the VOC in human breath are of the non-endogenous type which means
these vapours cannot be utilized for diagnostic purposes. Endogenous biomarkers include
hydrocarbons like ethane, pentane, and isoprene; ketones; alcohols; aldehydes; mercaptans;
and amines [51]. Exhaled breath mainly contains nitrogen, oxygen, carbon dioxide, water
vapours, and inert gases; therefore, the concentration of the remaining fraction is in the
range of nmol.dm−3 to pmol.dm−3 (ppb-ppt). This concentration is also affected by the
VOCs present in the environment. These VOC are termed as exogenous VOC which
mainly include halogenated organic compounds. To precisely observe the metabolic or
pathological process of the human body, the effect of exogenous molecules should be
eliminated [52]. VOC sampling and analysis of exhaled breath should be preferred over
conventional diagnosis methods as it non-invasive and potentially infectious waste is not
produced during the diagnosis. This gas phase analysis is much simpler than that of
complex biological tissue and blood testing [53,54].

2.3.1. Origin of VOC in the Human Body

To know the physiological and diagnosis potential of these VOC, their biological
generation pathways should be well understood. Saturated hydrocarbons like ethane and
pentane are produced by lipid peroxidation of ω3 and ω6 fatty acids [55]. Isoprene present
in the human breath is formed by the process of cholesterol synthesis. A small fraction of
exhaled isoprene is of bacterial origin and its concentration in the breath also depends on
the individual’s age as its concentrations are significantly lower in children [56]. Isoprene
exhalation may be related to the oxidative irregularities of the fluid lining of the lung
and body. Acetone is present in abundance in human breath. Acetone is generated by
decarboxylation of excess Acetyl-CoA in the liver (Figure 2). Ketone concentration in the
blood increases in conditions of fasting or starvation. Breath acetone concentrations are
high in the case of diabetic patients [57]. Acetaldehyde is generated by the oxidation of
endogenous ethanol; this is why acetaldehyde concentrations are lower than that of ethanol
in the breath. The potential generation of endogenous ethanol is due to the intestinal
bacterial flora [58]. 2-propanol is produced by enzymatic reduction of acetone. Methanol
is produced by the intestinal bacterial presence [59]. The weakening function of the liver
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causes an increase in the concentration of sulphur-containing compounds in the breath like
ethyl mercaptan, dimethyl sulphide, etc. Similarly, when the lever is not able to convert the
ammonia into urea, the levels of ammonia increase in the breath. This leads to an increased
level of dimethylamine and trimethylamine in the breath of uremic patients [60].
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Figure 2. (a) Production of acetone in the liver [42]. (b) Production of ketones and alcohols and higher
levels of isoprene in pulmonary arterial hypertension (PAH) [61].

2.3.2. Various Biomarkers of Infectious Diseases

Many volatile compounds or metabolites have been identified as biomarkers for *many
infectious diseases and cancer diagnoses [62]. Some biomarkers are common in two or more
than two diseases. This may be due to the similar effects caused by pathogens or infections
in the biochemical pathways of the human body. In some cases, physiological conditions
are responsible for the generation of biomarkers. Some volatile biomarkers such as acetone,
isoprene, methyl mercaptan, and dimethyl sulphide are common in many diseases [63,64].
Therefore, the presence of a certain biomarker in exhaled breath indicates the general
diseased condition of a person which should be further deeply analysed. Nevertheless, it
can provide rapid and easy detection of diseased conditions in the human body. Table 1
illustrates some examples of biomarkers and their related diseases [65].

2.3.3. Lung and Skin Cancer Biomarkers

Recently, cancer-related biomarker analysis in human breath has been vastly re-
searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction
can be performed easily. This will lead to the development of a rapid detection technique
that can detect lung cancer even in early and curable stages. Many investigations have
been carried out to distinguish between VOC patterns in the exhaled breath of cancerous
and noncancerous persons. Some compounds have been found that are present only in
the breath of lung cancer-affected persons. Most of them are alkanes and methylated
alkanes [19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, un-
decane, hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl
cyclopentane [69].

Similarly, many VOC have been synthesized in the process of human metabolism.
Many of these VOC are released by the skin as the skin has the largest surface area in the
body to interact with the environment and transfer body heat, sweat, and VOC [70,71].
Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have
been released from human skin cell culture over a period due to cell metabolism. VOC
like benzaldehyde, styrene, benzyl alcohol, acetophenone, and dimethyl benzene were
recognized in a study of human skin cell culture [73].
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Table 1. List of some biomarkers for various diseases.

Biomarker Structure Disease/Disorder/Condition

Acetaldehyde
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Table 1. List of some biomarkers for various diseases. 

Biomarker  Structure  Disease/Disorder/Condition 

Acetaldehyde 
 

AFDL, URTI 

Acetoin 
 

Lung cancer, NSCLC 

Acetone 
 

ARDS, lung cancer, CIP, CPD, diabetes mellitus, hepatic cirrhosis, 

starvation, PLC 

Ethane 
 

AHI, asthma, COPD, cystic fibrosis, lung cancer, oxidative stress, 

schizophrenia 

1-butanol    Lung cancer, NSCLC 

Lung cancer, NSCLC

Acetone
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2.3.2. Various Biomarkers of Infectious Diseases 

Many  volatile  compounds  or metabolites  have  been  identified  as  biomarkers  for 

*many  infectious diseases and cancer diagnoses  [62]. Some biomarkers are common  in 

two or more than two diseases. This may be due to the similar effects caused by pathogens 

or infections in the biochemical pathways of the human body. In some cases, physiological 

conditions are  responsible  for  the generation of biomarkers. Some volatile biomarkers 

such as acetone, isoprene, methyl mercaptan, and dimethyl sulphide are common in many 

diseases [63,64]. Therefore, the presence of a certain biomarker in exhaled breath indicates 

the general diseased condition of a person which should be further deeply analysed. Nev-

ertheless,  it can provide rapid and easy detection of diseased conditions  in  the human 

body. Table 1 illustrates some examples of biomarkers and their related diseases [65]. 

Table 1. List of some biomarkers for various diseases. 

Biomarker  Structure  Disease/Disorder/Condition 

Acetaldehyde 
 

AFDL, URTI 

Acetoin 
 

Lung cancer, NSCLC 

Acetone 
 

ARDS, lung cancer, CIP, CPD, diabetes mellitus, hepatic cirrhosis, 

starvation, PLC 

Ethane 
 

AHI, asthma, COPD, cystic fibrosis, lung cancer, oxidative stress, 

schizophrenia 

1-butanol    Lung cancer, NSCLC 

ARDS, lung cancer, CIP, CPD, diabetes mellitus, hepatic cirrhosis,
starvation, PLC

Ethane
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2.3.2. Various Biomarkers of Infectious Diseases 

Many  volatile  compounds  or metabolites  have  been  identified  as  biomarkers  for 

*many  infectious diseases and cancer diagnoses  [62]. Some biomarkers are common  in 

two or more than two diseases. This may be due to the similar effects caused by pathogens 

or infections in the biochemical pathways of the human body. In some cases, physiological 

conditions are  responsible  for  the generation of biomarkers. Some volatile biomarkers 

such as acetone, isoprene, methyl mercaptan, and dimethyl sulphide are common in many 

diseases [63,64]. Therefore, the presence of a certain biomarker in exhaled breath indicates 

the general diseased condition of a person which should be further deeply analysed. Nev-

ertheless,  it can provide rapid and easy detection of diseased conditions  in  the human 

body. Table 1 illustrates some examples of biomarkers and their related diseases [65]. 

Table 1. List of some biomarkers for various diseases. 

Biomarker  Structure  Disease/Disorder/Condition 

Acetaldehyde 
 

AFDL, URTI 

Acetoin 
 

Lung cancer, NSCLC 

Acetone 
 

ARDS, lung cancer, CIP, CPD, diabetes mellitus, hepatic cirrhosis, 

starvation, PLC 

Ethane 
 

AHI, asthma, COPD, cystic fibrosis, lung cancer, oxidative stress, 

schizophrenia 

1-butanol    Lung cancer, NSCLC 

AHI, asthma, COPD, cystic fibrosis, lung cancer, oxidative stress,
schizophrenia

1-butanol
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Many  volatile  compounds  or metabolites  have  been  identified  as  biomarkers  for 

*many  infectious diseases and cancer diagnoses  [62]. Some biomarkers are common  in 

two or more than two diseases. This may be due to the similar effects caused by pathogens 

or infections in the biochemical pathways of the human body. In some cases, physiological 

conditions are  responsible  for  the generation of biomarkers. Some volatile biomarkers 

such as acetone, isoprene, methyl mercaptan, and dimethyl sulphide are common in many 

diseases [63,64]. Therefore, the presence of a certain biomarker in exhaled breath indicates 

the general diseased condition of a person which should be further deeply analysed. Nev-

ertheless,  it can provide rapid and easy detection of diseased conditions  in  the human 

body. Table 1 illustrates some examples of biomarkers and their related diseases [65]. 

Table 1. List of some biomarkers for various diseases. 

Biomarker  Structure  Disease/Disorder/Condition 

Acetaldehyde 
 

AFDL, URTI 

Acetoin 
 

Lung cancer, NSCLC 

Acetone 
 

ARDS, lung cancer, CIP, CPD, diabetes mellitus, hepatic cirrhosis, 

starvation, PLC 

Ethane 
 

AHI, asthma, COPD, cystic fibrosis, lung cancer, oxidative stress, 

schizophrenia 

1-butanol    Lung cancer, NSCLC Lung cancer, NSCLC

Carbon disulphide
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Cystic fibrosis, schizophrenia

Dimethyl sulphide
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic
coma

Ethanol
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

CPD, cystic fibrosis, diabetes mellitus

Hydrogen sulphide

Chemosensors 2025, 13, x FOR PEER REVIEW  6  of  46 
 

 

Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Endocarditis, hepatic cirrhosis

Isoprene
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer

Methanol
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Cystic fibrosis, lung cancer

Methyl nitrate
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Diabetes mellitus, hyperglycaemia

Methyl mercaptan
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma

Isobutene
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Breast cancer, IHD, lung cancer, oxidative stress

Nitric oxide
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

Asthma, COPD

Pentane
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Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-

pentane [69]. 

Similarly, many VOC have been synthesized in the process of human metabolism. 

Many of these VOC are released by the skin as the skin has the largest surface area in the 

body to interact with the environment and transfer body heat, sweat, and VOC [70,71]. 

Acevedo et al. [72] have shown using SPME and GCMS that different types of VOC have 

been released from human skin cell culture over a period due to cell metabolism. VOC 

AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer,
schizophrenia

Propane

Chemosensors 2025, 13, x FOR PEER REVIEW  6  of  46 
 

 

Carbon disulphide 
 

Cystic fibrosis, schizophrenia 

Dimethyl sulphide    Lung cancer, hepatitis, cystic fibrosis, hepatic cirrhosis, hepatic coma 

Ethanol    CPD, cystic fibrosis, diabetes mellitus 

Hydrogen sulphide 
 

Endocarditis, hepatic cirrhosis 

Isoprene 
 

AFDL, ARDS, asthma, cystic fibrosis, lung cancer 

Methanol 

 

Cystic fibrosis, lung cancer 

Methyl nitrate 
 

Diabetes mellitus, hyperglycaemia 

Methyl mercaptan 
 

Chronic hepatitis, endocarditis, hepatic cirrhosis, hepatic coma 

Isobutene 

 

Breast cancer, IHD, lung cancer, oxidative stress 

Nitric oxide    Asthma, COPD 

Pentane  AHI, ARDS, asthma, CIP, cystic fibrosis, lung cancer, schizophrenia 

Propane  Cystic fibrosis, IBD 

o-Toluidine 

 

Lung cancer, PLC 

Disease abbreviations: AFDL—alcoholic fatty liver disease, AHI—alcohol-induced hepatic injury, 

ARDS—acute respiratory stress syndrome, CIP—critically ill patients, CPD—cardiopulmonary dis-

ease, COPD—chronic obstructive pulmonary disease, IBD—inflammatory bowel disease, IHD—is-

chemic heart disease, PLC—primary lung cancer, NSCLC—non-small cell lung cancer, and UTRI—

upper respiratory tract infection [65]. 

2.3.3. Lung and Skin Cancer Biomarkers 

Recently,  cancer-related  biomarker  analysis  in  human  breath  has  been  vastly  re-

searched [66]. By examining the exhaled breath, VOC profile lung cancer prediction can 

be performed easily. This will lead to the development of a rapid detection technique that 

can detect lung cancer even in early and curable stages. Many investigations have been 

carried out to distinguish between VOC patterns in the exhaled breath of cancerous and 

noncancerous persons. Some compounds have been  found  that are present only  in  the 

breath of lung cancer-affected persons. Most of them are alkanes and methylated alkanes 

[19,67,68]. Lung cancer VOC mainly include styrene, decan, isoprene, benzene, undecane, 

hexane-1, hexanal, propyl benzene, 1,2,4-trimethyl benzene, heptanal and methyl cyclo-
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2.3.4. VOC Sensing: A Non-Invasive Method

Exhaled breath testing is a very useful diagnostic tool for various medical conditions.
Human breath is a complex blend of numerous VOCs. This screening method can reduce
the mortality rate of cancer patients [74,75]. The exhaled analysis also leads towards fast
detection of certain dysfunctions in body organs like diabetic patients having an acetonic
smell in their breath, a rotten fish-like smell for liver diseases, and a urine-like smell in
the case of kidney disorders [76]. Increased levels of a specific biomarker indicates the
medical condition of a person such as ammonia for hepatitis, alkyl amines for uraemia, and
dimethyl sulphide for liver damage. Therefore, breath analysis is an outstanding method
to anticipate various lung and stomach diseases [77]. For skin cancer, it is reported that
dogs can smell melanoma-infected skin [78,79]. Therefore, it is suggested that cancer cells
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in the skin release some VOCs which are somehow different from normal skin. D’Amico
et al. [80] used GC–MS and a gas sensor array to differentiate between melanoma and
normal skin. Propanal was suggested as a potential VOC that evolved from cancerous
skin. Jae Kwak et al. [81] also analysed cancerous skin using GC–MS and gas sensors. They
used single-strand DNA coated with carbon nanotubes (DNA CNT) to analyse the VOCs
released from both types of skin and isoamyl alcohol was found at a higher amount in
cancerous skin. Abaffey et al. [82] analysed VOCs obtained from fresh biopsied tissues
of melanoma skin using a headspace solid-phase microextraction (HS SPME) via GC–MS.
They found increased levels of lauric and palmitic acid in melanoma skin. This increased
level of fatty acids is because of upregulated de novo lipid synthesis which is a characteristic
of cancer. Many genetically occurring biomarkers are also recognized to detect this deadly
skin cancer [83].

The concentration pattern (breath print) of these VOCs can be related to the specific
health conditions of patients and can be used in anticipated diagnoses. The composition of
breath can be altered by any change in metabolic and physiological activities of various
body organs such as the liver [84], lung, prostate, skin [72,85,86] and kidney [87,88]. There-
fore, this non-invasive diagnosis technique can detect all types of diseases, for example,
liver disease, Parkinson’s disease, kidney failure, tuberculosis, and cancers [89–97]. The in-
terest of VOC sensing is not only useful for medical applications but also for environmental
monitoring such as toxic gas detection and air quality monitoring (solvent vapor detec-
tion in the air) [98–102], food quality assurance [103–106], homeland security measures,
beverage quality monitoring [107,108], process control in the chemical industry [109] and
most importantly, in automobile emission control [110,111]. Among all these applications,
industrial workplace exposure and environmental monitoring are very demanding areas
for such fast and robust sensors to detect the very low concentrations of toxic VOCs and
gases which are hazardous even at these concentrations [112,113]. Chemical sensors are
also required for explosive detection and crime scene (forensic) investigation [114].

2.3.5. Breath Collection Methods

Breath collection is an important step in its analysis. In breath collection procedures,
test subjects or patients exhale via a disposable mouthpiece with a rebreathing valve in the
breath collecting unit (BCU). Water condensation is avoided by heating all gas carrying
surfaces above 50 ◦C. Such a BCU is provided by Ionimed Analytik GmBH (Innsbruck,
Austria) [115]. Breath is also collected in breath bags made of various plastic materials
such as transparent Tedlar (polyvinyl fluoride) bags, black-layered Tedlar bags, FlexFoil
bags, Teflon bags, and Nalophan bags [116,117]. Tedlar bags are widely used because they
have a low cost, are easy and require simple handling. These bags have a drawback of
inferior storage qualities compared to other bag materials [118]. Most of the time, there
is no standard procedure for VOC sampling from exhaled breath, but some protocols are
shown in Figure 3. The total breath can be exposed to an e-nose after collection in a bag (a)
or the e-nose can be inside the container (b). Alveolar breath is more complex to collect
(c) [37]. For analytical purposes, alveolar breath can be distinguished from nonalveolar
breath using expired CO2 concentrations [119].
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VOC concentration in the exhaled breath is in the range of ppm to ppb level; therefore,
a small amount of impurity or irregularity during the sample collection can affect the
analytical results drastically. Most of the time, samples obtain impurities from inspired air
or they become diluted from the dead space air [120]. Breath sampling without a controlled
respiratory phase can change the original concentration of the breath collected [121]. Breath
collection can be carried out in two ways: first is a mixed respiratory sampling and the
other is alveolar sampling. The first one is simpler and frequently used, in which no
additional equipment is required. On the other hand, alveolar air sampling provides a
2–3 times higher concentration of VOCs in comparison to mixed expiratory sampling. In
many experiments, exhaled breath is collected in breath bags and is preconcentrated before
testing. Sometimes instead of Tedlar bags, stainless steel electropolished canisters are used
for sampling [122].

Preconcentration of samples is carried out with special adsorption materials or by
direct cryofocussation [123,124]. The use of adsorption traps, coated fibres (SPME) and
cryofocussation leads to an easy assessment of the breath VOC profile. For this purpose,
organic polymers (Tenax TA), activated charcoal, different types of graphitized carbon
(Carbopack X), and carbon molecular sieves (Carbozen 1021) have been utilized [125,126].
Human breath contains large amounts of water which should be taken into consideration
to avoid any kind of damage to the instruments or errors in results. To remove water
from breath samples, multibed sorption traps are used in the preconcentration step. These
multibed sorption traps are composed of graphitized carbon and carbon molecular sieves.
Removal of water from breath is also performed with SPME which is made of polymeric
fibres. Due to the physical properties of the fibre, they can absorb a variety of VOCs on their
surface and easily desorb them by heating the SPME in chromatographic analysis [127].
Tedlar bags in combination with SPME are also used for sampling and preconcentration. In
such a case, alveolar breath is collected in a 1 dm3 Tedlar bag, 200 cm3 gas is transferred in
another bag and the SPME fibre is introduced through the septum of the bag. After 15 min
of absorption time, the fibre is taken out for GC analysis.
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2.3.6. Skin Headspace Collection Method

To collect VOC from the skin, Turner et al. [128] used Nalophan bags as shown in
Figure 4. A Nalophan bag of 4 dm3 volume was clamped around the hand of a patient
with a plastic tie and filled with clean air. Seven min equilibrium time was given for VOC
emitted from the hand to be mixed with the clean air of the bag. After that, the VOC were
analysed using the SIFT/MS method.
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2.3.7. Analysis of Exhaled Breath

Exhaled breath is a complex mixture of 600 plus endogenous and exogenous VOCs.
Some of them are generated in the body as byproducts of various metabolic processes
and others are present due to environmental conditions and behavioural factors such as
smoking and drinking [129,130]. Analysis of this complex VOC mixture is difficult because
of their mutual interaction; therefore, a wide range of analytical techniques have been used
for this purpose such as Mass Spectroscopy, Gas Chromatography–Mass Spectroscopy (GC–
MS), Proton-Transfer-Reaction Mass Spectroscopy (PTR-MS), Selected-Ion Flow-Tube Mass
Spectroscopy (SIFT-MS), Tuneable Diode Laser Spectrometer (TDLS), Time-of-Flight Mass
Spectroscopy (TOF MS), etc. [131–133]. These techniques give very accurate results but
have some disadvantages like high cost, bulky and sophisticated machinery, complicated
software, and a specialist person who is required to have all the technical and maintenance
knowledge. All these problems restrict their clinical widespread application. For this
purpose, simple, inexpensive, and real-time breath monitoring techniques are required.
In the last decade, various types of gas sensors have been developed for this purpose.
These sensors provide simple non-invasive analysis and ease of handling [134–136]. The
sensors developed so far are only focused on widely studied volatiles such as nitric oxide,
oxygen, ammonia, acetone, and carbon di/mono oxide. These sensors are not useful in the
analysis of disease biomarkers [137–139]. These sensors have been utilized by chemical,
pharmacological, and food processing industries. Different types of materials have been
developed recently for this purpose such as metal oxide nanoparticles, carbon nanotube-
base composites, organic dielectrics, organic conductors, etc. [140]. Liao et al. [141] have
used tetra thiafulvarene (TTF)- tetra cynoquino dimethane (TCQN), a highly conductive
oregano metal for sensing NO2 and oxygen. This was an example of irreversible sensing
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because of the reaction between the gas and sensor compound. Peng et al. [142] have used
a random network of single-wall carbon nanotube (RN-CNT)-based field-effect transistors
(FET) for the detection of lung cancer and kidney disease from exhaled breath analysis.
Figure 5a shows the schematic of RN-CNT FET and Figure 5b shows the difference in the
PCA pattern of healthy and diseased humans under different relative humidity conditions
of breath.

Chemosensors 2025, 13, x FOR PEER REVIEW  10  of  46 
 

 

in the analysis of disease biomarkers [137–139]. These sensors have been utilized by chem-

ical, pharmacological, and food processing industries. Different types of materials have 

been developed recently for this purpose such as metal oxide nanoparticles, carbon nano-

tube-base composites, organic dielectrics, organic conductors, etc. [140]. Liao et al. [141] 

have used tetra thiafulvarene (TTF)- tetra cynoquino dimethane (TCQN), a highly con-

ductive oregano metal for sensing NO2 and oxygen. This was an example of irreversible 

sensing because of the reaction between the gas and sensor compound. Peng et al. [142] 

have used a random network of single-wall carbon nanotube (RN-CNT)-based field-effect 

transistors (FET) for the detection of lung cancer and kidney disease from exhaled breath 

analysis. Figure 5a shows the schematic of RN-CNT FET and Figure 5b shows the differ-

ence in the PCA pattern of healthy and diseased humans under different relative humidity 

conditions of breath. 

 

Figure 5. (a) Schematic representation of the RN-CNT test devices as a FET or as a chemo-resistor. 

The inset shows a scanning electron micrograph of the CNT random network, which connects the 

electrodes and  forms multiple paths between them  [142]. Principal component score plots of  the 

sensor array upon exposure to simulated “healthy” and “diseased” patterns at (b) 80% RH and at 

(c) 10% RH. 

Righettoni et al. [143] have used silicon-doped WO3 nanoparticles for the detection 

of acetone in the breath of diabetes patients under ideal and real experimental conditions. 

They have  found  that  the  level of acetone  is  less  than 900 ppb  in healthy humans and 

above 1800 ppb in diabetes patients. Therefore, these materials have proved their ability 

as a gas sensor and further functionalization of these materials can improve their sensing 

properties. New possibilities have evolved with nanotechnology. 

This can lead to the development of breath sensors which can overcome all the draw-

backs of complex spectroscopic analysis. Devices made from these chemical sensors will 

be compact, lightweight, require less energy, be easy to operate, accurate, reliable, repro-

ducible, and completely non-invasive [144]. As shown in Figure 6, Arakawa et al. have 

presented two methods for breath analysis. In the first method, exhaled breath is stored 

in a gas sampling bag and analysed when required and in the second method, breath is 

tested online with a gas flow controller. The second method is more appropriate for breath 

ethanol analysis as they have suggested [145]. 

Figure 5. (a) Schematic representation of the RN-CNT test devices as a FET or as a chemo-resistor.
The inset shows a scanning electron micrograph of the CNT random network, which connects the
electrodes and forms multiple paths between them [142]. Principal component score plots of the
sensor array upon exposure to simulated “healthy” and “diseased” patterns at (b) 80% RH and at
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Righettoni et al. [143] have used silicon-doped WO3 nanoparticles for the detection
of acetone in the breath of diabetes patients under ideal and real experimental conditions.
They have found that the level of acetone is less than 900 ppb in healthy humans and above
1800 ppb in diabetes patients. Therefore, these materials have proved their ability as a gas
sensor and further functionalization of these materials can improve their sensing properties.
New possibilities have evolved with nanotechnology.

This can lead to the development of breath sensors which can overcome all the draw-
backs of complex spectroscopic analysis. Devices made from these chemical sensors will
be compact, lightweight, require less energy, be easy to operate, accurate, reliable, repro-
ducible, and completely non-invasive [144]. As shown in Figure 6, Arakawa et al. have
presented two methods for breath analysis. In the first method, exhaled breath is stored
in a gas sampling bag and analysed when required and in the second method, breath is
tested online with a gas flow controller. The second method is more appropriate for breath
ethanol analysis as they have suggested [145].
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3. Sensors for Volatolome Analysis: Principles & Mechanism
3.1. Types of Sensors

Sensors can convert a variation in their environment into an interpretable signal; they
belong to three categories depending on the quantity they measure: physical (temperature,
pressure, magnetic field, and resistance), chemical (reversible and irreversible interactions,
concentration, pH), and biological (interactions and expression of an activity) [146]. Chemi-
cal sensors that are of particular interest for the analysis of volatiles in breath to diagnose
diseases can produce optical, frequency, electrochemical, and chemo-resistive signals.

Optical Sensors can use fluorescent dyes embedded in the polymer matrix which
cause spectral bands to change when the macromolecules interact with the vapour
molecules [147,148]. Frequency sensors are called quartz crystal microbalances (QCM)
or surface acoustic waves (SAW). The resonance frequency of their quartz crystal expressed
by SAUERBREY’s equation [149] is shifted when gas molecules are absorbed on their surface,
due to the change in mass. This technique can be selective to analytes by changing the
crystal coating nature, polymer or metal oxide. Contrarily to QCM, SAW sensors analyse
the surface waves generate along the surface instead of in the bulk [150–153].

Optoelectronic Sensors use surface plasmon resonance imaging (SPRI); they can be
assembled into arrays to make an e-nose. They consist of a prism coated with a thin gold
layer functionalised with a series of biomimetic peptides and organic molecules such as
thiols with diverse physicochemical properties (hydrophobic, hydrophilic, charged, neutral,
etc.) using a non-contact microspotting robot. A collimated beam with a wavelength
of 632 nm from a LED is polarized and sent towards the functionalized gold surface
through the prism to illuminate the entire microarray. Surface plasmon resonance causes a
progressive variation in the reflectivity (%R) when VOCs present in the dielectric medium
in the gas phase interact with the sensing material on the microarray [154].

Electrochemical Sensors have potentiometric (potential difference between electrodes),
amperometric (intensity variation), or impedancemetric (complex resistance variation)
typical output signals. Generally, the sensitivity relies on the interaction between the
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electrode and analysed gas and the selectivity results are from the nature of the electrodes
and eventually the membranes [155,156].

Chemo-Resistive Sensors have semiconductor transducers which resistance changes
upon adsorption of analyte molecules. One interesting feature for applications is that their
sensitivity can be easily modified by changing their nature or composition [157–159]. The
semiconductor transducers can be made of metal oxide, intrinsically conducting polymer
(ICP), and conducting polymer nanocomposites (CPC). The variation in their chemo-
resistive response can be used directly or indirectly in field-effect transistors (FET) [160].
But whatever the design, their principle is based on the interaction of vapor molecules with
the adsorption sites of the transducer’s surface that will change its resistivity [161].

3.2. Chemo-Resistive Sensors

Metal Oxide Sensors (MOSs): n-type transducers such as zinc oxide, tin oxide, titanium
dioxide or iron(III) oxide can interact with reducing vapours like hydrogen, methane,
carbon monoxide, ethylene, or hydrogen sulphide whereas p-type transducers such as
nickel oxide and cobalt oxide react with oxidizing gases like oxygen, nitric oxide, or
chlorine [162]. To look for synergistic effects, more recent works focus on composite MOSs
such as SnO2-ZnO, Fe2O3-ZnO, and ZnO-CuO [163]. Metal oxide particles use substrates
such as alumina, glass, and ceramics on which they are deposited by screen printing [164],
spin coating [165], or vapor deposition [166]. The connection electrodes are made of gold
or platinum with the same process.

One drawback of MOSs is that most of them need to work at temperatures as high
as 200–500 ◦C although some can operate at lower temperatures when hybridized with
carbon nanotubes for the detection of NO2 [167]. Shobana et al. [168] reviewed the use of
MOS hybrid sensors to detect gases and VOC biomarkers. Hybrids of palladium tin oxide
and pristine graphene (Pd-SnO2/PRGO) transducers were found to discriminate CO from
NH3, ethanol, acetone, and CO in the range of several hundred ppm.

Additionally, moisture was found to divide by two the sensitivity of Sm2O3-doped
SnO2 when relative humidity was raised from 0 to 33% [163]. Moreover, the SiO2 trans-
ducer’s thickness that varied from 14 to 74 nm resulted in responses to 2% hydrogen
decreasing from 84% to 32%, respectively [169]. Nevertheless, operating gold nanoparticles
functionalized with WO3/SnO2 nanofiber at 105 ◦C gave a response of 79.6% for 0.5 ppm
of acetone at 150 ◦C and 90% relative humidity [168].

Another disadvantage of metal oxide sensors is that they can be poisoned by irre-
versible interactions with some sulphur-containing gases for instance [170]. Despite their
wide use in the design of e-nose and their well-controlled fabrication in cleanrooms, the
above-mentioned limitations of MOSs related to an inherent dependency of sensitivity
to the active layers’ thickness, humidity and operating temperature, and a selectivity
hard to adjust, have pushed researchers to investigate the development of alternative
organic transducers.

Conducting polymer nanocomposites (CPCs) have been widely used to make trans-
ducers of environmental parameters, such as temperature, pressure, strain or volatile
content [171]. The versatility of CPC transducers allows the design of sensors that can be
flexible [172] or integrable [173], and their fabrication does not require cleanrooms as MOSs.
Their principle of CPC vapour sensors is much simpler as they only need an insulating
substrate on which electrodes are deposited (Figure 7).
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Figure 7. Comparison in the design of metal oxide sensors (left) with conductive polymer nanocom-
posite sensors (right) [170,171].

They can be synthesised at room temperature by dispersing different types of con-
ducting fillers such as carbon or metal nanotubes, nanorods, nanobelts or nanowires in a
variety of polymer matrices that are either thermoplastic or thermoset, further spayed or
printed [174]. Eventually the formulation of CPCs can be eco-designed to decrease their
impact on the environment by using green carbon nano-onions from exhaust soots [175]
or biobased polymers [176]. However, carbon nanotubes, among all allotropes, have been
most extensively used to develop vapour sensors thanks to their exceptional electrical
(ability to transfer electrons) and morphological (interconnectivity, shape factor) proper-
ties [177]. They also have excellent stability [178] that makes them very attractive for the
fabrication of new components in electronic devices like chemical sensors and biosensors.

CNTs were first discovered by Lukyanovich et al. [179] and further popularized by
Iijima in 1991 [180]. Since then, many studies have evidenced their unique surface and
mechanical, electrical, and optical properties [181]. CNTs are members of the fullerene
family and can be found as single-walled (SWCNT), few-walled (FWCNT) or multi-walled
(MWCNT). SWCNTs are like seamless cylinders of one atomic layer of graphene sheet
which has a diameter of nanometres and a length of up to 100 microns (Figure 8). MWCNTs
are made of concentric cylinders of graphene tubes [182]. Carbon nanotubes have highly
anisotropic dielectric properties as CNTs can possess a high electrical current with the least
heating effect [183]. CNTs are mostly prepared by the following three methods: arc dis-
charge, laser ablation technique, and chemical vapor deposition (CVD). High-quality SWC-
NTs can also be obtained by using an appropriately optimized catalyst system [184,185].
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nanotube. Examples of (b) “armchair” and (c) “zigzag” SWCNT [186].

Pristine CNT do not exhibit high selectivity towards solvent vapours and they there-
fore have a limited scope in their pure form. But by altering the chemical functionalization
of CNTs, some selectivity can be generated in their behaviour [187,188]. Sin et al. showed
that treating CNTs with concentrate acid (3:1 of H2SO4 and HNO3) could generate some
acid groups on the surface (Figure 9). These modified CNTs showed a good response
towards alcohol due to the increased dipole–dipole interaction between the CNT surface
and polar molecules. Functionalized CNTs showed an increased sensitivity from 0.9 to
9.6% [189].
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and mechanism for alcohol vapour detection using f-CNT sensors [190].

An oligomer of poly(ε-caprolactone) grafted from a CNT was found to enhance
the sensitivity of the resulting CPC to toluene, tetrahydrofuran, and chloroform [177],
whereas polyhedral oligomeric silsesquioxanes (POSS) covalently bonded to the surface
of functionalized CNTs have proved to boost their selectivity to cyclohexane and pentane
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vapours or to acetone, butanone, propanol, and toluene when functionalized, respectively,
with iso-octyl and phenyl groups [191].

Other modifications on CNT have been carried out to increase their sensitivity towards
hydrogen (H2). H2 sensing is very important because of safety and handling issues, but
due to the poor binding energy of CNT, only Pt- and Pd-functionalized CNT were sensitive
toward H2 [192,193].

When CPC-based sensors are exposed to vapour molecules, they partially swell the
macromolecules coating the carbon nanotubes junctions, which results in a tiny volume
expansion (some nm3) that triggers multiple nano-disconnections in the percolated con-
ducting architecture, increasing quantum tunnelling conduction. The macroscopic effect
of this phenomenon is an exponential variation of resistance of the CPC transducer with
the average inter-tubes’ distance [194]. Such sensors can thus be named quantum resistive
vapour sensors (vQRS) [195].

Nanofoils of reduced graphene oxide (rGO) and their hybrids with silver nanopar-
ticles (AgNP) [196], Cu2O nanocrystals [197], ferrite (Fe3O4) [198], fullerene (C60) [199],
metal oxides (MOSs) [200], Mxene [201] or metal organic frameworks (MOFs) [202], eventu-
ally in association with polymer matrices such as poly(methyl methacrylate) PMMA [203],
poly(aniline) PANI [204], poly(3,4-ethylenedioxythiophene) (PEDOT) [205], or poly(pyrrole)
PPY [206] are also emerging for vapour sensing. Graphene has the advantages to exhibit
abundant adsorption sites and high-charge mobility which can lead to higher sensitivity
provided that its assembly leads to an easily disconnectable conducting architecture, oth-
erwise the superimposition of layers will decrease the amplitude of the chemo-resistive
response [207].

3.3. Developments in Volatile Organic Compounds’ Sensors

Several research groups have tried to create sensors with increased performance as
well as different architectural designs. These researchers are coming up with various
strategies and designs to improve the performance of VOC sensors and bring sensing
technology closer to real-time applications. In 1992, Gardner et al. suggested e-noses could
be further used to diagnose potential health risks by analysing volatiles in human breath.
In 2000, this research group investigated multiple applications of e-noses and VOC sensors
to determine their potential use within industries of food, beverage, meat, tobacco, and
perfume. Further, they have designed a metal oxide-based e-nose (based on Fox 2000
Alpha MOS SA) that has been studied for its capacity to mimic the olfactory capabilities
of the human nose and discern different types of odours [208,209]. In addition, N. Lewis
et al. studied the detection of VOCs using carbon-based sensors [208,209]. The researchers
employed carbon nanoparticles as a conducting filler in non-polymeric organic substances
such as lauric acid, propyl gallate, and dioctyl phthalate to fabricate a sprayed film. They
measured the change in resistance of the sensors upon the vapor molecules’ sorption. Then,
they employed the Fisher Linear Discriminant algorithm to evaluate the performance of
the sensors which appeared to have a limited sensitivity to the studied volatiles. Moreover,
the analytical technique employed was found to be complicated [210].

In their work, Di Natale et al. employed vapour sensors as a diagnostic tool to
analyse the exhaled breath of lung cancer patients. The authors used quartz crystal mi-
crobalance (QCM) combined with an array of metalloporphyrin-coated sensors. They
demonstrated that these sensors possessed the capability to analyse the volatile biomarkers
typically associated with lung cancer. Furthermore, they were able to effectively differ-
entiate between cancer patients and control subjects from the analysis of breath samples’
patterns [152,211,212].
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Persaud et al. developed a simulation software for conducting virtual e-nose experi-
mentation and a software tool to analyse data. They have used seventeen polymer sensors
with analytes at different concentrations and used their profiles as reference data for the
simulation software. Using this software, an e-nose can be simulated with varying types
or numbers of sensors for the analysis of different solvents. This array of virtual sensors
can be controlled in terms of noise level, drift, and affinity towards analytes. The data
generated by the simulation can be easily analysed by the software tools associated with it.
They studied and developed a very rapid and computer-based technique for VOC analysis
which is available for other researchers in this field without any cost [213].

Haick et al. have focused on the analysis of biomarkers for lung cancer, including
their development within the human body and the corresponding patterns observed in
breath samples [214]. The authors used metal nanoparticles like gold to fabricate sensors in
combination with quartz crystal microbalance and GC–MS technique to analyse the VOC
pattern in lung cancer [215]. In their study, they proposed specific poly (cyclic aromatic
hydrocarbon) (PAH) derivatives to sense the nonpolar VOCs. Using metal oxide sensors,
they identified forty-two VOCs in a cancerous breath [216]. Despite interesting results,
metal oxide-based sensors still have some drawbacks in comparison to polymer sensors
as they require high operating temperatures, they damage in the presence of moisture,
and they require costly electrodes such as Au or Pt. Accounting for such drawbacks, the
researchers have prepared monolayer-capped gold nanoparticles and chemically function-
alized single-walled CNT (with dodecane thiol and chlorobenzene methanethiol) in the
year 2016 to detect seventeen different diseases including lung, colorectal, ovarian, and
kidney cancers, among others, from patients’ breath. A total of fifty-nine different sensing
parameters were calculated using the data collected from the sensors to derive the breath
print associated with these specific disorders. The researchers demonstrated that each
disease possesses a distinct breath print, as depicted in Figure 10. The proposed e-nose
finally showed 86% accuracy in recognizing the disease pattern in blind tests of various
breath samples [217].
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Another approach to guide developments of e-noses is to be inspired by nature.
Biomimicry, although difficult to implement in the case of mammal olfaction due to the
complexity of each step in odour identification, can lead innovations. Hou et al. in their
review [218] report different initiatives in this way. For example, combining generalist and
specialist (modified by proteins) transducers, as is the case for human olfactory receptors,
can improve selectivity [219]. Or mimicking the highly specific surface of receptors in moth
antennae can act as a preconcentrator [220]. Olfaction data treatment in the brain can also
inspire: neurons use time descriptors and it was found that this parameter could improve
the classification with PCA [154], whereas the first two stages of the olfactory pathway
(distributed coding with olfactory receptor neurons and chemotopic convergence onto
glomerular units) can be integrated into a neuromorphic model that is able to significantly
enhance the signal-to-noise ratio of chemo-resistive responses from sensors array [221].

3.4. Nanotoxicity

The field of nanotechnology is currently seeing significant growth, paralleled by an
increasing demand for nanomaterials and nanoproducts. Consequently, there has been a
rise in the level of exposure to these compounds, necessitating the examination of their
impacts on both the environment and human health [222]. Nanotoxicity is contingent upon
various factors, including the inherent characteristics of the particles, such as their size,
shape, and dimensions, as well as the duration of exposure. The primary route of toxicity for
humans in relation to these nanocompounds is through skin absorption, whereas inhalation
is considered a secondary pathway. Research has demonstrated that nanoproducts, such
as CNTs, can penetrate deep into the lungs when individuals are exposed to them for
extended periods. Depending on the concentrations of nanoparticles, a prolonged exposure
can result in the degradation of tracheal tissues and membranes [223,224]. The nanotubes
can also be transferred into the blood from the lungs, thus potentially affecting the heart
and other body parts [225]. The fibrous nature of CNTs, often compared with asbestos
although their shape factors are very different, could cause mesothelioma upon long
exposure [226]. Nanotubes are also suspected to be carcinogenic and able to affect DNA
structure and lead to unwanted mutations [227]. In addition to this, MWCNTs can cause
acute pulmonary toxicity, subpleural fibrosis, immune suppression, etc. The toxicity of
CNTs also depends on their level of impurity, chemical treatment, physical form, surface
chemistry, degree of aggregation, etc. [228]. For example, in the case of in vivo toxicity
effects, MWCNTs are found to be more toxic than SWCNTs. Furthermore, it can also be
studied that well-dispersed CNTs have less toxicity compared to agglomerated CNTs.

In the case of in vitro studies, the researchers have studied the interaction between
CNTs and cells, and it was found that functionalized CNTs have less cellular toxicity. This
study suggests that the purification process could enhance their biocompatibility because
macrophages (which remove particulate from tissues) can digest 7.3 µg·cm−3 of SWCNT
without any toxicity. The effects of toxicity on other living organisms have also been
studied since contamination has delayed the hatching of zebrafish embryos, subsequently
causing lower survival rates among second-generation breeds. Further, these CNT can
potentially accumulate within the gastrointestinal tract of primary consumers in a food
chain, thereafter, undergoing gradual translocation to higher trophic levels. Short and sharp
CNTs in the shape of nanodarts can possess antibacterial capabilities due to their ability to
disrupt the cell walls of microorganisms. However, the mechanism of CNT toxicity has
not been cleared yet and the correlation between in vivo and in vitro toxicity effects is not
established, thus requiring further efforts in exploring the core of nanotoxicology [229].

Besides nanotubes, graphene nanoplates (GNP) and their derivatives are also emerg-
ing as very useful nanomaterials in different applications, for instance, biosensing, drug
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delivery, antibacterial materials, and tissue engineering. However, GNP also have potential
toxic effects on living organisms during long exposure. These GNP can enter the body
during breathing, via the oral route, and by injection which can damage the body tissues
severely as shown in Figure 11. For example, graphene nano-aerosol can be inhaled re-
sulting in a very high amount of graphene deposited in the lung trachea. This can lead to
granulomas, lung fibrosis, and tissue decay of the affected person. Furthermore, it was
suggested that GNPs could also penetrate inside the body through skin tissues and can
create skin toxicity [230]. There are other toxicities such as the cytotoxicity of graphene de-
pending on the particle size. For example, nanoparticles smaller than 100 nm can penetrate
the cell membrane, then particles less than 40 nm can penetrate the cell nucleus, and finally
very small particles less than 35 nm travel across the blood–brain barriers [231]. Moreover,
GNP toxicity also depends on the concentration. Some experiments showed that a 0.25 mg
dose of graphene oxide in mice did not show any toxic signs but when the dose was higher
than 0.4 mg, it led to fatal effects [232].
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However, the likelihood of experiencing hazardous consequences from vapor sensing
is minimal due to the effective encapsulation of nanoparticles within the matrix, preventing
their easy release. Additionally, the probability of direct contact of CNTs between users
and sensors is minimal. This implies that the utilization of these sensors does not pose any
adverse impacts on users in terms of toxicity, thus broadening the scope for their practical
applications in real time.

4. Electronic Noses (E-Nose)
4.1. Working Principles

The e-nose was originally designed to emulate the operational principles of the human
olfactory system. The human nose is a naturally developed complex sensing array. The
nasal epithelium is comprised of a multitude of receptor cells that possess the ability to
detect a diverse array of chemicals and odours. The olfactory signals are transmitted to
brain cells and afterwards, they are analysed by the brain. It is worth noting that human
nose receptor cells can detect over 10,000 different chemical vapours. For this function, the
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human nose contains around 1000 smell receptor genes in cells as well as a complex neural
network to process it [233]. Therefore, the human nose is very efficient in odour analysis.
Similarly, the e-nose is thus based on the natural nose’s working mechanism as depicted in
Figure 12.
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This principle can be applied to disease detection using different types of artificial
receptors, i.e., chemical vapor sensors’ array [161]. The array is the combination of several
and/or different types of sensors that can detect various types of VOCs (being specific or
non-specific). This sensor array or so-called electronic nose (e-nose) can be used to analyse
complex mixtures of VOC and to generate the corresponding pattern.

Regarding medical applications, human breath, which contains a complex system of
VOCs, can be classified into different breath prints in relation to an individual’s health
status. To analyse the breath print obtained from the e-nose, it is necessary to employ
proper mathematical models and implement a programmed neural network, as shown in
Figure 13, to distinguish between the healthy and diseased breath prints [235–237].
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The main components of an e-nose system are a sample inlet mechanism, sensor array,
and signal measuring and recording unit [241]. When breath samples are introduced inside
the e-nose, sensors start interacting with different components (physically or chemically
based on the chemical nature of VOCs) of the breath. This interaction leads to signal
generation [208,242]. These electrical signals have been recorded by the software for the
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purpose of analysis. Konvalina et al. [243] have described the process of breath sensing
using chemical sensors. The protocol of the process has been clearly described in Figure 14.
The process of analysis of data and prediction from breath patterns involves the utilization
of feature extraction and pattern recognition algorithms. In the case of breath testing, the
collecting of samples is seen as a crucial step that requires highly controlled measures to
prevent any loss of valuable VOC.
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To distinguish between healthy and diseased volatile samples is complex as the
diseased state is not characterized by a single VOC but instead, olfactive prints composed of
several vapours not all identified. The e-nose must detect this change in the volatiles’ profile
durably and associate a print to a health condition with enough accuracy, meaning that a
proper learning has to be done [209]. However, an e-nose appears to be an alternative full
of promises for clinical diagnosis and disease detection since it is non-intrusive, eventually
portable, easy to operate and to install, rapid, and does not require specialization, i.e., a
very promising prospect for medical diagnostics if data are collected in large amounts with
suitable algorithms.

4.2. Data Treatments

Data collection is the first step of a diagnosis based on an e-nose system, before result
interpretations and data analysis. The software records the electrical signals characteristic of
interactions between sensors and volatiles. Special care must be taken to the data recording
system and transducers that could otherwise alter results. After feature extraction from
a given data set, it is necessary to reduce dimensions from the multidimensional data
collected from the electronic nose (e-nose), which poses challenges in its interpretation
due to its original complexity. Two types of features are extracted from the data generated
by the e-nose, some with physical significance such as signal amplitude or normalized
sensor response, and others called mapping features. The latter are obtained from temporal
data [244]. All these features are collectively required for data interpretation. From all
these features, the most effective features having the least number of errors are selected
for the pattern recognition algorithm. This process is termed feature extraction. Pattern
recognition is the final step in the e-nose data analysis to predict the status of the breath
for different diseases. The pattern recognition techniques are statistical methods such as
principal component analysis (PCA), analysis of variance (ANOVA), linear discriminant
analysis (LDA), K-means, hierarchical cluster analysis (HCA) [245], principal component
regeneration (PCR), etc. [246,247]. These methods reduce the complexity of the e-nose data
and generate very convenient patterns. Artificial neural networks (ANN) are not commonly
used for e-nose data interpretations, but they have a very intuitive approach to pattern
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recognition. ANN include multilayer perceptron (MLP), self-organizing map (SOM), radial-
based function networks (RBF), and linear vector quantization (LVQ) [244,248].

PCA is also called singular value decomposition (SVD). PCA is an unsupervised
classification method. The results of PCA can be plotted in 2D or 3D to understand the
vapor-sensing discrimination for different VOC groups. The feature points obtained by PCA
treatment are not correlated to each other. These points on the map are linear combinations
of an original data set of e-nose sensors. This method is used to reduce the dimensions
of data with minimum loss in the information as shown in Figure 15 where the different
families of vapours appear well separated. PCA is used to identify different chemical
groups of VOC. It is a very simple and fast method, but some information associated with
the non-linear correlation of the original data can be lost.

Chemosensors 2025, 13, x FOR PEER REVIEW  21  of  46 
 

 

principal component analysis (PCA), analysis of variance (ANOVA), linear discriminant 

analysis (LDA), K-means, hierarchical cluster analysis (HCA) [245], principal component 

regeneration (PCR), etc. [246,247]. These methods reduce the complexity of the e-nose data 

and generate very convenient patterns. Artificial neural networks  (ANN) are not com-

monly used  for e-nose data  interpretations, but  they have a very  intuitive approach  to 

pattern  recognition.  ANN  include multilayer  perceptron  (MLP),  self-organizing map 

(SOM),  radial-based  function  networks  (RBF),  and  linear  vector  quantization  (LVQ) 

[244,248]. 

PCA is also called singular value decomposition (SVD). PCA is an unsupervised clas-

sification method. The results of PCA can be plotted in 2D or 3D to understand the vapor-

sensing discrimination  for different VOC groups. The  feature points obtained by PCA 

treatment are not correlated to each other. These points on the map are linear combina-

tions of an original data set of e-nose sensors. This method is used to reduce the dimen-

sions of data with minimum loss in the information as shown in Figure 15 where the dif-

ferent families of vapours appear well separated. PCA is used to identify different chem-

ical groups of VOC. It is a very simple and fast method, but some information associated 

with the non-linear correlation of the original data can be lost. 

 

Figure 15. Identification of different chemical groups using the PCA algorithm (plotted in a 2D map) 

[249]. 

LDA is a type of discriminant function analysis (DFA) method. These methods were 

first used by Fisher [250,251]. This is a supervised feature extraction technique. It also has 

a linear correlation with original data points. The supervised linear correlation can mini-

mize the scattering of data points for the same group. As shown in Figure 16, LDA curves 

are obtained by two separate measurements for five different types of juices and points 

for a particular group are well clustered. 

Figure 15. Identification of different chemical groups using the PCA algorithm (plotted in a 2D
map) [249].

LDA is a type of discriminant function analysis (DFA) method. These methods were
first used by Fisher [250,251]. This is a supervised feature extraction technique. It also has a
linear correlation with original data points. The supervised linear correlation can minimize
the scattering of data points for the same group. As shown in Figure 16, LDA curves are
obtained by two separate measurements for five different types of juices and points for a
particular group are well clustered.
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An ANN is based on a non-linear correlated variable mapping technique. It has
some advantages over usual feature extraction techniques, as an ANN involves a network
topology that has a learning algorithm. The utilization of a trained neural network holds
significant importance in e-nose data analysis and pattern recognition. Multi-layer percep-
trons (MLPs) are the most used form of ANN. It has layers of neurons with each neural layer
for input and output. Other layers are called hidden neural layers and they are connected
to the input and output layers as shown in Figure 17. Furthermore, the backpropagation
algorithm has been widely employed for training ANN [253,254]. The training of ANN
enhances its efficiency for feature extraction. ANN are a predictive method that can classify
unknown odours or vapours while PCA or LDA are only exploratory methods that can
create groups from multi-dimensional data for easy understanding [255].
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4.3. Artificial Neural Networking

In recent years, major progress has been achieved in the food, agriculture, health, and
other sectors due to the rapid development of e-nose sensors supported by artificial neural
networks. In the e-nose system, it is important to find a suitable algorithm that can process
the response from sensors under exposure to different VOC. The selection of an algorithm
able to make pattern recognition is a key point [257]. It must fit data distribution to enhance
the sensors’ response and supress redundancy to improve pattern accuracy which is a
major challenge [258]. Owing to such criteria, artificial neural networks (ANN) can be an
interesting alternative to conventional computer algorithms.

An ANN is composed of interconnected networks that operate in parallel to find a
solution similar to the way a human brain processes information. Every neural flow of the
ANN contains three different layers that are input, hidden, and output layers [259]. The
input layer in the ANN is fed with a library of data files in the computer or the response
of the sensors in real-time, while the data are processed in the neural networks. Once the
data are processed in the neurons, it forwards these data to the output layer. These layers
deliver these data back to the user through a secondary control system. The hidden layer
in an ANN consists of neurons that execute functions on the input data. However, the data
processing completely depends on the way these neurons are interconnected. In general,
the user can establish the neural network by modifying neural connections, which implies
that depending on the user’s requirement, the user either adds or deletes neurons [257,259].

Furthermore, this established neural network can be trained using one of two ap-
proaches: (1) unsupervised training and (2) supervised training. In the supervised training



Chemosensors 2025, 13, 15 23 of 43

approach, the user must provide the desired output to the ANN by ranking the perfor-
mance of the ANN. On the other hand, the system only feeds the neural network with the
library of data files without giving any further instructions and the system adapts itself to
find the desired output in the unsupervised training approach. However, the unsupervised
training approach has not yet obtained similar outcomes when compared to the supervised
training approach. The sensor array can develop the neural network depending on two
different approaches to differentiate the VOCs. In the first approach, the network can gather
the responses from sensor arrays for each specific VOC. In another approach, the network
can gather the responses from sensor arrays for a group of various VOCs [257,259].

Schroeder et al. used a chemo-resistive sensor array to classify the different food
samples including edible oil, liquor, and cheese. The author fed the input layer directly
with the responses of the sensor. The author suggested that the samples were differentiated
based on the initial conductance and the recovery period of the ANN. The designed ANN
could differentiate the food samples with an accuracy of 73% for the edible oil, 78% for
liquor, and 91% for cheese, indicating the system’s potential for future applications [260].

Pavlou et al. developed an e-nose and an intelligent odour-recognition system. The
authors successfully discriminated Helicobacter pylori from other bacterial gastroesophageal
isolates by extracting fifty-six normalised features from responses of fourteen sensors.
These variables were analysed by a three-layer back-propagation ANN. They obtained an
ANN prediction rate of 98% and 37.7% of all test data were recognised correctly [76].

Aguilera et al. studied the aroma of young white, young red and aged red wine sam-
ples using a multisensory array system. They classified these samples using independent
component analysis combined with an ANN. They obtained classification success rates of
94%, 84%, 82% for young white, young red, aged red wines, respectively [261].

Leggieri et al. developed an e-nose combined with an ANN for the analysis of
mycotoxins such as aflatoxin B1 and fumonisin in maize. The research group has collected
data over 5 years for the analysis of mycotoxins and developed ANNs for the assessment
of aflatoxin B1 and fumonisin. However, the e-nose supported with statistical analysis
demonstrated an accuracy of 80%, whereas ANNs exhibited an accuracy of 77.36% for
aflatoxin B1 and 78.26% for fumonisin [262].

Tan et al. determined the degree of roasting in cocoa beans using an e-nose supported
with a three-layer backpropagation ANN. The author categorized cocoa beans as unroasted,
lightly roasted, and dark roasted using a nine-sensor array system. The responses from
the sensors were analysed using an ANN and their accuracy was compared with GC–MS
data. Overall, the e-nose supported with an ANN exhibited an accuracy of 94.4%, whereas
GC–MS data demonstrated an accuracy of 95.8%. Both models had 100% prediction for
unroasted and roasted samples [263].

Panigrahi et al. developed an e-nose containing 32 Cyranose-320TM conducting
polymer-based sensor arrays for the analysis of spoiled beef meat. They collected VOC
samples from the headspace of fresh beef meat stored at 4 ◦C and 10 ◦C. The responses
obtained from the e-nose were processed with the radial basis function neural networks
for classification of spoiled and unspoiled beef meat samples. These ANNs successfully
classified the spoiled and unspoiled meat with an accuracy of 100% [264].

D. Zhang et al. developed Tin dioxide (SnO2) nanospheres decorated with a graphene
sensor array for the detection of formaldehyde and copper oxide (CuO) nanoflowers deco-
rated with a graphene-based sensor array for the detection of ammonia gas. The responses
from the sensor systems were analysed with a backpropagation (BP) neural network. They
reported that an integration of a nanostructured sensor array and a backpropagation (BP)
neural network model can recognize multiple gas species and accurately estimate their
concentration [265].
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Aghilinategh et al. developed an e-nose to determine the quality of berries and classify
them based on maturity into five different levels. Statistical methods such as PCA and LDA
were used to analyse the responses of the sensor. However, PCA and LDA exhibited lower
discrimination rates to classify the berries. On the other hand, ANN were applied to the
sensor array responses and demonstrated a discrimination rate of 100% [266].

Zakaria et al. used a multi-modality sensor array containing thirty-two sensors sup-
ported with probabilistic neural networks to determine the adulteration of pure honey.
In their study, the group used eighteen different sets of samples to differentiate the pure
honey from adulterated honey and sugar syrup. The sensor system was able to classify the
samples with different compositions with the highest accuracy of 94.44% [267].

Machado et al. analysed the exhaled breath composition of fourteen bronchial cancer
patients using the Cyranose 320. Support vector machine (SVM) analysis was applied on
the responses from the sensor array and it exhibited a specificity of 91.9% and accuracy of
71.4% for detection of cancer. Furthermore, the sensing system was able to discriminate
olfactory characteristics of control subjects of non-small cell lung cancer, chronic obstructive
pulmonary disease, and healthy patients [268].

In relation with this study, Chen et al. diagnosed lung cancer using a virtual gas
sensors array of surface acoustic waves. The output responses of these sensors were
analysed by an image recognition method combined with an ANN. This sensor system can
detect the 11 different biomarkers related to lung cancer and successfully diagnosed these
biomarkers for real-time application in the hospital [269].

Nurputra et al. developed a low-cost and portable e-nose (i.e., GeNose C19) based
on a sensor array which identified COVID-19 through expiratory breath fingerprinting.
The research group assessed breath profiling tests including a total of 615 breath samples.
The testing profiles were analysed by four different machine learning algorithms such
as deep neural network, stacked multilayer perceptron, linear discriminant analysis, and
support vector machine. These methods have demonstrated high performance with a
system detection accuracy range of 88–95%, a sensitivity range of 86–94%, and a specificity
range of 88–95%. The results suggested that this sensing system is highly effective in
detecting COVID-19 [270].

Like this sensing system, Kwiatkowski et al. prepared an electronic setup comprising
of commercial VOC sensors for the detection of COVID-19. Receiver-operating characteris-
tic patterns were generated for a total of fifty samples, in which thirty-three samples were
collected from infected patients. The responses of the sensor system were analysed using
four detection algorithms including a multi-layer perceptron algorithm (Neural Network
widget), random forest, k-nearest neighbours’ algorithm, and support vector machine
(SVM) algorithm and the highest detection accuracy of 84% was exhibited [271].

The above research shows the great potential of e-noses in diagnostics in many fields
of research from the analysis of volatile organic compounds, especially those emitted by the
human body. According to the literature, the use of both commercial and self-developed
sensing systems is majorly increasing in clinical medicine fields and commercial industries
in recent years [272]. Furthermore, the association of e-noses with ANN-based algorithms
will provide great prospects for their wide range of potential applications in health care,
food industries and commercial sectors.

5. Performances of E-Nose in Biomarkers’ Detection
5.1. Sensors’ Characteristics

Classically, the vapor transducers selected to be assembled into an e-nose can be
defined by various characteristic parameters that condition their performances. To improve
them, it is useful to recall their definitions in Table 2 [273].



Chemosensors 2025, 13, 15 25 of 43

Table 2. List of sensors’ characteristics.

Characteristics Definition

Sensitivity Change in the measured signal per unit of the vapor concentration and it can be calculated
from the slope of response vs. concentration.

Selectivity The response towards a specific solvent or family of solvents.

Stability Ability of sensors to give reproducible results including sensitivity, selectivity, and
response over a period.

Detection limit The lowest limit of vapor conc. which can be detected at a given temperature.

Dynamic range Full range of solvent vapor conc. from detection limit to highest limiting conc. at a given
temperature.

Resolution Lowest conc. of the difference in solvent vapor conc. detected.

Response time Time required to achieve a certain value from the baseline when step changes in solvent
vapor conc. is applied.

Recovery time Time taken by the sensor to return to the initial baseline when a step change in the vapor
conc. is removed.

Hysteresis The maximum difference in responses when the same vapor conc. is approached by
increasing and decreasing the vapor conc. during the testing.

Life cycle Total time over which the sensor is operating well.

To optimize the design of vapor sensors, ideal characteristics are low detection limit,
small hysteresis, short response time, higher sensitivity and stability, selectivity towards
specific vapours, and excellent stability. However, it is not easy to optimize all the properties
at the same time. As a result, most research has been focused on improving selectivity
and sensitivity which are not necessarily independent, while keeping other parameters at
a constant level. Moreover, it is worth mentioning that all these ideal characteristics are
not required at the same time in real-time applications. For example, the large dynamic
range is not required in the context of leakage detection, similarly, short response time is
not required in the realm of environment monitoring.

5.2. Brief Overview of Existing Capabilities of E-Noses

Since the precursor works of Persaud et al. [274] and Gardner et al. [275] more than
thirty years ago, many researchers have tested the ability of e-noses to analyse patients’
health through the volatolome. The use of e-noses was initially focused on the analysis of
breath and the investigation of diseases pertaining to the lungs and stomach. But Wilson
has made a good overview summarising the different diseases that can be diagnosed
with a variety of commercial or prototypes e-noses, which are many [276–278]. A couple
of commercial e-nose devices are emerging from the literature such as the JPL® from
NASA [279], Fox 4000® from Alpha MOS [280], Nanose® from Nanose medical [61,281,282],
or PEN® from Air Sense Analytics [283], but the most popular for health diagnosis from
breaths analysis is the Cyranose® from Sensigent [284–286]. It is typically composed of an
array of thirty-two conducting polymer nanocomposite (CPC) vapour sensors as shown in
Figure 18. The sensors’ data are processed by an inbuilt software and the analysis of the
data is performed by PCA mapping. Sensigent claims the reproducibility and robustness
of his Cyranose resulting from the quality of the training done with known VOCs.

Chapman et al. used the Cyranose 320 to detect malignant mesothelioma (MM) and
asbestos-related diseases (ARDs) in patients [287]. The researchers have studied a total
of thirty-eight patients with these diseases along with forty-two control subjects with the
objective of obtaining their odour print. The e-nose demonstrated an efficiency of 95% and
88% to distinguish healthy controls from diseased patients of MM and ARD, respectively.
Dragonieri et al. also used Cyranose 320 to discriminate asthma patients from healthy
persons [288]. The researchers have tested the breath of forty people including patients and
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controls. The results indicate that there is an evident difference between the breath prints
of asthma patients and healthy controls.
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Figure 18. (a) Description of Cyranose, a commercial e-nose, and (b) CPC-based sensor array of the
Cyranose [289].

Montuschi et al. used another kind of artificial nose based on an array of eight sensors
made up of quartz crystal microbalance [290]. They tested twenty-seven atopic asthma
patients and twenty-four healthy subjects. They compared the e-nose results with lung
function test and fractional exhaled nitric oxide (FeNO) test. The findings of the study
confirmed that the e-nose exhibited the highest level of discrimination ability compared
to all other methods evaluated. The researchers have used both PCA and feed-forward
neural networks for data interpretation. Different types of e-noses have been used for
disease diagnosis as shown in Table 3. A more detailed review of sensing devices used for
differential diagnosis, staging, and phenotyping of different categories of diseases has been
made by Skotadis et al. [291].

Table 3. Different studies using e-noses to obtain the breath print of the human exhaled breath for
various lung diseases (extracted from [65]).

Disease Type of E-Nose Nb of Sensors Place of Tests References

Asthma Conducting polymer, quartz
crystal microbalance 8–32 Australia, Italy, and

The Netherlands [287,288,290]

Lung cancer
Conducting polymer, quartz
crystal microbalance, and
calorimetric

8–36 USA and Italy [211,268,292–294]

Tuberculosis
Surface acoustic wave and
conducting polymer
nanocomposite

1–14 Philippines, UK, and
India [295–297]

Furthermore, Lorwongtragool et al. developed a flexible wearable e-nose to moni-
tor the VOCs released from human skin [298]. The e-nose was printed over the flexible
poly(ethylene naphthalate) substrate, as shown in Figure 19a. The researchers have devel-
oped the sensors with CNT coated with different polymers including poly(vinyl chloride),
poly(vinyl pyrrolidone), cumene-terminated poly(styrene-co-maleic anhydride), etc. They
have attached a wireless Zig Bee system for data recording and transfer in the e-nose system.
This wearable sensor array was able to classify the different types of body odours depend-
ing on the body activities and states such as running, walking, playing, and skin hygiene.
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PCA was used in this classification as shown in Figure 19b. More recently, Haick et al. [299]
have demonstrated the ability of a flexible e-nose to analyse the volatiles released by an
absorber stuck on the skin of a rat to detect a biomarker (2-hydroxy-2-methyl-propanoic
acid) and transduce its stress when submitted to an underwater trauma. A support vector
machine (SVM) model allowed stress detection with an accuracy of 66 to 72% after machine
learning had validated the computational stress model. Jiang et al. [300] report that piezo-
electric nanogenerator (PENG) nanoarrays made of ZnO nanowires, CdS nanorods, and
CuO/ZnO could autonomously detect H2S at room temperature.
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Figure 19. (a) Preparation of sensors’ array for the wearable e-nose. (b) Discrimination of skin odour
during various activities by the wearable e-nose using PCA [298].

5.3. Tailoring the Sensors’ Selectivity to Improve the E-Nose Discrimination Ability

Feller et al. [171,301] employed a range of methodologies and strategies to improve both
selectivity and sensitivity of polymer nanocomposite transducers for e-nose applications.

Kumar et al. tailored the junction gap between CNT to enhance the sensitivity and
selectivity to organic vapours using the spray layer by layer (sLbL) method which allows
precise adjustment of transducers’ initial resistance and thickness. The junction gap between
nanofillers (typically less than 15 nm) in percolated networks is a crucial parameter acting on
tunnelling conduction that varies the resistance exponentially (Figure 20). The gap between
carbon nanotubes in hydrophilic sensors can be tuned by cross-linking on their surface
deacetylated chitosan macromolecules with non-covalent bonding [302] or by coiling
around them amylose helices [303]. Apart from enhancing the transducer’s sensitivity,
Ar (also termed relative variation of resistance) by four to eight, a much stronger affinity
for water, was obtained compared to the neat CNT. Further, the authors proposed two
empiric models to predict the evolution of Ar with the strength of molecular interactions
between the polymer used for the functionalization and the target analyte through the χ12

Flory–Huggins (XFH) interaction parameter [302] and to express the proportionality of
Ar with the analyte content integrating the Langmuir–Henry Clustering (LHC) diffusion
modes concept [304].
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At a larger scale than the distance between nanofillers, it is important to control the
structure of the conducting architecture itself. Lu et al. [306] used the exclusion volumes
of poly(methyl methacrylate) PMMA hard microbeads decorated with CNT to boost their
sensitivity to methanol. A high sensitivity was achieved by focusing the disconnection of the
CNT conducting network at contact points between the hard spheres. Other investigations
were led to structure an interfacial CNT network with soft latex microbeads of a series of
copolymers of acrylates of different welding ability. The resulting transducers were found
to have a good selectivity to water [307].

Furthermore, Castro et al. fabricated by sLbL, a random network (RN) of carbon
nanotubes (CNTs) further functionalized by drops of a PMMA, poly(lactic acid) PLA,
poly(oxyethylene) POE, poly(carbonate) PC, and poly(caprolactone) PCL solutions, de-
posited directly on the RN to coat junctions. Principal component analysis (PCA) evidenced
a very good discrimination of nine volatiles using an array of these five RN-functionalised
sensors plus one with pure CNT [305]. These sensors exhibited a very high, fast, and
reversible response Ar to acetone vapour. In addition, Lu et al. also developed Pani-CNT
sensors with switchable polarity [308] and PC-CNT sensors to analyse the effects of vapour
flow rate during detection, number of sprayed layers, and CNT content on the sensing
behaviour of transducers [309].

S. Chatterjee et al. worked on the effect of surfactants (used to ensure an optimal
dispersion of CNT in solution) on the sensing of organic volatiles identified as lung cancer
biomarkers. Triton x405, sodium deoxycholate (DOC), sodium dodecylbenzene sulfonate
(SDBS), and benzalkonium chloride (BnzlkCl) were the surfactants assembled in micelles
on CNTs to cover their junctions; this functionalisation changed both the sensitivity and
selectivity according to their chemical nature. The Triton x405-functionalised CNT trans-
ducer was sensitive to benzene and pentane, whereas the SDBS-functionalised CNT was
more sensitive to ethanol, acetone, chloroform, and water, and the BnzlkCl-functionalised
CNT responded better to n-pentane, isoprene, ethanol, and acetone vapours. A very good
discrimination ability was clearly evidenced after PCA treatment. Alternatively, an e-nose
made of PC-, PLA-, PS-, PCL-, and PMMA-functionalised CNT made by sLbL discriminated
with 98% of the total variance by PCA, eighteen different polar and non-polar lung cancer
biomarker vapours. This e-nose exhibited a minimum loss of data and discriminated easily
acetone, isopropanol, butanone, cyclohexane, toluene, and benzene vapours [310,311].

Tung et al. investigated the input of graphene nanoplatelets to maximize the exchange
surface with analytes in nanohybrid transducers for vapour sensing. The researchers
have experienced a formulation of multiple conductive nanofillers including CNT, re-
duced graphene oxide (rGO) eventually stabilized with poly(1-vinyl-3-ethylimidazolium),
a poly(ionic liquid) PIL, poly(3,4-ethylene dioxythiophene) PEDOT, an intrinsically conduct-
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ing polymer, magnetic ferrite Fe3O4 and silver nanoparticles (AgNP). In a first combination
of conducting fillers, a very good synergy of chemo-resistive properties was found between
Fe3O4-decorated rGO hybridized with PEDOT and stabilized with PIL [198]. This trans-
ducer alone was able to classify well polar vapours (water, acetone, methanol, and ethanol)
and to a lesser extent, non-polar vapours (toluene, dichlorobenzene, styrene, and chloro-
form). It had remarkably larger sensitivity than Fe3O4-decorated rGO hybridized with
PEDOT or PEDOT-PIL alone. Moreover, another formulation based on AgNP-decorated
rGO stabilized by PIL confirmed that graphene could reduce significantly the noise of
signals and enhance the transducer’s stability [196]. Additionally, it can be noticed that
the substitution of Fe3O4 NP by AgNP to decorate graphene nanofoils had a similar effect
on sensitivity increase but it did not change the selectivity of pure graphene towards
methanol, ethanol, and methyl acetate. From this finding emerged the concept of “spacer”;
graphene foils have very large surfaces and high conductivity but to make them sensitive
to disconnection, it is necessary to intercalate them with particles to promote a “house of
cards” conducting architecture.

S. Nag et al. focused on the detection of lung cancer biomarkers part of the volatolome
using different spacers such as cyclodextrin or poly(sylsesquioxane). They worked mainly
on the functionalization of polymers and nanomaterials to enhance the selectivity and
sensitivity of transducers. In their study, the researchers have developed sensors based on
cyclodextrin (CD) functionalized by amine, perbenzoyl and mannose sugar, and rGO [312].
CD was plugged with adamantane-functionalized pyrene bonded with exfoliated layers of
rGO by π-π attractions to control the gap. These results suggested that sugar-functionalized
CD was selective for methanol, amine-functionalized CD for acetone, and per benzylated
CD for toluene, xylene, and benzene. The selectivity of sensors was well predicted by
the XFH model. In addition, the researchers also developed chemically functionalized
CNT with isooctyl-POSS and non-covalently modified CNT with phenyl-POSS [191]. POSS
poly(hedral oligomeric silsesquioxane) is a spacer which can tailor the gap and conducting
architecture. Chemical functionalization was carried out by acryloyl chloride function-
alization of CNT followed by amidization with the anime group of POSS. Non-covalent
attachments were obtained by π-π interactions between CNT and phenyl-POSS. Chemi-
cally grafted CNTs promoted good selectivity towards cyclohexane and pentane whereas
non-covalently bonded CNTs showed selectivity for acetone, butanone, propanol, toluene,
and ethanol. All chemo-resistive responses were well fitted using the XFH model. More-
over, highly sensitive methanol sensors were prepared using sulfonated poly(ether ether
ketone) sPEEK with C60 fullerene and CNT nanohybrids. These sensors were able to detect
0.34 ppm of methanol with a very high signal-to-noise ratio (200) [313]. C60 used as a spacer
in the CNT network was found to increase the sensitivity more than 2,5 times for almost
all of the studied VOCs. This boosting effect of the C60 spacer was confirmed with both
CNT and graphene hybrid conducting architectures, together with the remarkable stability
brought by graphene at concentrations as low as 400 ppb [239].

Tripathi et al. demonstrated that it was possible to develop CPC volatile transducers
with low environmental impact carbon nanofillers, such as nano-onions from diesel engine
soot [314] or nano-rods synthesized from castor oil [175].

These examples highlight the diversity of combinations authorized by conductive poly-
mer nanocomposites to transduce chemical information into a simple resistance variation
signal and the promises they bring to enrich the detection spectrum of e-noses.

6. Conclusions & Prospects
This non-exhaustive review has focused on the different types of vapour sensors

used for disease diagnosis such as lung or skin cancers from the analysis of volatiles
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emitted by the body. Making an anticipated diagnosis simply by the analysis of exhaled
breath, skin, or urine sounds very promising as it is non-invasive, low-cost, fast, and
compatible with telemedicine. Considering the specific advantages and drawbacks of all
available vapour sensors used to analyse the volatolome, it makes one think that conducting
polymer nanocomposite-based transducers are among the most versatile and promising to
satisfy the optimization requirements. Graphene, carbon nanotubes, carbon nanoparticles,
fullerene, and their hybrids are very attractive for building easily disconnectable conductive
hierarchical architectures. The variety of polymers and functional molecules used to tailor
the morphology and chemical interactions at conducting junctions guarantees a wide range
of detection of analytes. Spacer molecules like POSS or cyclodextrin and nano spacers like
fullerenes proved to notably boost sensitivity. Chemical functional groups of polymers
with different level of VAN DER WAALS and polar interactions used to tailor conducting
junctions can interact and discriminate a wide range of volatiles emitted by the body and be
considered as biomarkers of diseases. Combining these strategies proved to be effective at
boosting the sensitivity and selectivity of sensor arrays (e-noses). Additionally, associating
specific and non-specific transducers in the same arrays as in human olfaction can bring
e-noses closer to the performances of their biological homologues. Moreover, taking benefit
from the sensitivity to oxidizing gases of MOS and the fine selectivity of CPC to VAN DER

WAALS interacting with VOC in the same sensors’ array should allow them to deal with
complex olfactive prints, such as those present in the volatolome analysed from the breath
and skin.

The analysis of olfactive prints with statistical methods such as PCA or LDA to classify
data and their subsequent processing in artificially neural networks demonstrated their
power to give sense to the high level of complexity of signals delivered by e-noses. In this
way, biomimicry can bring interesting solutions to the design of transducers and treatment
algorithms (neuromorphic).

Although the reproducibility and sensitivity of sensors are being continuously im-
provised by the researchers, there are still challenges to reach enough robustness and
reproducibility of signals to feed algorithms with reliable data. Controlling temperature or
eventually correcting its effect on chemical signals can fix some issues, whereas it is more
complex to deal with adsorption site poisonings in transducers, by H2O [195] or H2S [315]
molecules, for instance. A compromise must be found between too strong and too week
interactions between analytes and active molecules from the transducer, controlling the ad-
sorption/desorption mechanism; selective filters can bring solutions but they also remove
pertinent molecules to identify odours and prevent bias in the diagnosis. Hybrid materials
can play an important role by synergising graphene stability, nanotubes interconnectivity,
and spacers sensitivity when functionalized with polymers. Therefore, chemically modified
hybrids with a well-defined architecture can solve the problem of reproducibility.

Data collection and sharing from e-noses and their interpretation are still challenging
as there is no exchangeable protocol. For real-time applications, data analysis and result
predictions must be improved by using trained neural network algorithms. But a huge
amount of data for ill and healthy patients are required for the training of the ANN.
Considering the constant progresses of computing power, e-noses with all these properties
should be used in the close future for disease detection and diagnosis. Many clinical
applications can result from the analysis of the volatolome with e-noses, potentially saving
millions of lives on earth. This technique also has a tremendous potential to reduce the cost
of treatments and diagnosis for fatal diseases which is very urgently needed in developing
countries. Improvements of sensors to be more eco-friendly and bio-compatible (in skin
VOC monitoring) can also be expected.
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In future applications, nanosensor arrays analysing the volatolome will be integrated
into wearable self-powered healthcare devices for clinical decision of prehospitaliza-
tion [316]. This will also promote the development of telemedicine using monitoring
platforms enabling wireless communication [317,318].
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256. Uyanık, T.; Yalman, Y.; Kalenderli, Ö.; Arslanoğlu, Y.; Terriche, Y.; Su, C.L.; Guerrero, J.M. Data-Driven Approach for Estimating

Power and Fuel Consumption of Ship: A Case of Container Vessel. Mathematics 2022, 10, 4167. [CrossRef]
257. Gardner, J.W.; Boilot, P.; Hines, E.L. Enhancing Electronic Nose Performance by Sensor Selection Using a New Integer-Based

Genetic Algorithm Approach. Sens. Actuators B Chem. 2005, 106, 114–121. [CrossRef]
258. Yan, J.; Guo, X.; Duan, S.; Jia, P.; Wang, L.; Peng, C.; Zhang, S. Electronic Nose Feature Extraction Methods: A Review. Sensors

2015, 15, 27804–27831. [CrossRef]
259. Rath, R.J.; Farajikhah, S.; Oveissi, F.; Dehghani, F.; Naficy, S. Chemiresistive Sensor Arrays for Gas/Volatile Organic Compounds

Monitoring: A Review. Adv. Eng. Mater. 2022, 25, 2200830. [CrossRef]
260. Schroeder, V.; Evans, E.D.; Wu, Y.C.M.; Voll, C.C.A.; McDonald, B.R.; Savagatrup, S.; Swager, T.M. Chemiresistive Sensor Array

and Machine Learning Classification of Food. ACS Sens. 2019, 4, 2101–2108. [CrossRef] [PubMed]
261. Aguilera, T.; Lozano, J.; Paredes, J.A.; Álvarez, F.J.; Suárez, J.I. Electronic Nose Based on Independent Component Analysis

Combined with Partial Least Squares and Artificial Neural Networks for Wine Prediction. Sensors 2012, 12, 8055–8072. [CrossRef]
[PubMed]

262. Camardo Leggieri, M.; Mazzoni, M.; Fodil, S.; Moschini, M.; Bertuzzi, T.; Prandini, A.; Battilani, P. An Electronic Nose Supported
by an Artificial Neural Network for the Rapid Detection of Aflatoxin B1 and Fumonisins in Maize. Food Control 2021, 123, 107722.
[CrossRef]

263. Tan, J.; Kerr, W.L. Determining Degree of Roasting in Cocoa Beans by Artificial Neural Network (ANN)-based Electronic Nose
System and Gas Chromatography/Mass Spectrometry (GC/MS). J. Sci. Food Agric. 2018, 98, 3851–3859. [CrossRef]

264. Panigrahi, S.; Balasubramanian, S.; Gu, H.; Logue, C.; Marchello, M. Neural-Network-Integrated Electronic Nose System for
Identification of Spoiled Beef. LWT 2006, 39, 135–145. [CrossRef]

265. Zhang, D.; Liu, J.; Jiang, C.; Liu, A.; Xia, B. Quantitative Detection of Formaldehyde and Ammonia Gas via Metal Oxide-Modified
Graphene-Based Sensor Array Combining with Neural Network Model. Sens. Actuators B Chem. 2017, 240, 55–65. [CrossRef]

266. Aghilinategh, N.; Dalvand, M.J.; Anvar, A. Detection of Ripeness Grades of Berries Using an Electronic Nose. Food Sci. Nutr. 2020,
8, 4919–4928. [CrossRef]

267. Zakaria, A.; Shakaff, A.Y.M.; Masnan, M.J.; Ahmad, M.N.; Adom, A.H.; Jaafar, M.N.; Ghani, S.A.; Abdullah, A.H.; Aziz, A.H.A.;
Kamarudin, L.M.; et al. A Biomimetic Sensor for the Classification of Honeys of Different Floral Origin and the Detection of
Adulteration. Sensors 2011, 11, 7799–7822. [CrossRef]

268. Machado, R.F.; Laskowski, D.; Deffenderfer, O.; Burch, T.; Zheng, S.; Mazzone, P.J.; Mekhail, T.; Jennings, C.; Stoller, J.K.; Pyle, J.;
et al. Detection of Lung Cancer by Sensor Array Analyses of Exhaled Breath. Am. J. Respir. Crit. Care Med. 2005, 171, 1286–1291.
[CrossRef]

269. Chen, X.; Cao, M.; Li, Y.; Hu, W.; Wang, P.; Ying, K.; Pan, H. A Study of an Electronic Nose for Detection of Lung Cancer Based on
a Virtual SAW Gas Sensors Array and Imaging Recognition Method. Meas. Sci. Technol. 2005, 16, 1535–1546. [CrossRef]

270. Nurputra, D.K.; Kusumaatmaja, A.; Hakim, M.S.; Hidayat, S.N.; Julian, T.; Sumanto, B.; Mahendradhata, Y.; Saktiawati, A.M.I.;
Wasisto, H.S.; Triyana, K. Fast and Noninvasive Electronic Nose for Sniffing out COVID-19 Based on Exhaled Breath-Print
Recognition. NPJ Digit. Med. 2022, 5, 115. [CrossRef] [PubMed]

271. Kwiatkowski, A.; Borys, S.; Sikorska, K.; Drozdowska, K.; Smulko, J.M. Clinical Studies of Detecting COVID-19 from Exhaled
Breath with Electronic Nose. Sci. Rep. 2022, 12, 1–9. [CrossRef] [PubMed]

272. Li, Y.; Wei, X.; Zhou, Y.; Wang, J.; You, R. Research Progress of Electronic Nose Technology in Exhaled Breath Disease Analysis.
Microsyst. Nanoeng. 2023, 9, 129. [CrossRef]

273. Bochenkov, V.E.; Sergeev, G.B. Sensitivity, Selectivity, and Stability of Gas-Sensitive Metal-Oxide Nanostructures. In Metal Oxide
Nanostructures & Their Applications; American Scientific Publishers: Santa Clarita, CA, USA, 2010; Volume 3, pp. 31–52, ISBN
1588831760.

274. Persaud, K.; Khaffaf, S.M.; Payne, J.S.; Pisanelli, A.M.; Lee, D.H.; Byun, H.G. Sensor Array Techniques for Mimicking the
Mammalian Olfactory System. Sens. Actuators B 1996, 35, 267–273. [CrossRef]

275. Shurmer, H.V.; Gardner, J.W.; Corcoran, P. Intelligent Vapour Discrimination Using a Composite 12-Element Sensor Array. Sens.
Actuators B Chem. 1990, 1, 256–260. [CrossRef]

https://doi.org/10.1021/jf501468b
https://www.ncbi.nlm.nih.gov/pubmed/25005851
https://doi.org/10.2307/2965437
https://doi.org/10.1109/TII.2016.2555936
https://doi.org/10.1109/JSEN.2004.827207
https://doi.org/10.3390/math10224167
https://doi.org/10.1016/j.snb.2004.05.043
https://doi.org/10.3390/s151127804
https://doi.org/10.1002/adem.202200830
https://doi.org/10.1021/acssensors.9b00825
https://www.ncbi.nlm.nih.gov/pubmed/31339035
https://doi.org/10.3390/s120608055
https://www.ncbi.nlm.nih.gov/pubmed/22969387
https://doi.org/10.1016/j.foodcont.2020.107722
https://doi.org/10.1002/jsfa.8901
https://doi.org/10.1016/j.lwt.2005.01.002
https://doi.org/10.1016/j.snb.2016.08.085
https://doi.org/10.1002/fsn3.1788
https://doi.org/10.3390/s110807799
https://doi.org/10.1164/rccm.200409-1184OC
https://doi.org/10.1088/0957-0233/16/8/001
https://doi.org/10.1038/s41746-022-00661-2
https://www.ncbi.nlm.nih.gov/pubmed/35974062
https://doi.org/10.1038/s41598-022-20534-8
https://www.ncbi.nlm.nih.gov/pubmed/36163492
https://doi.org/10.1038/s41378-023-00594-0
https://doi.org/10.1016/S0925-4005(97)80080-9
https://doi.org/10.1016/0925-4005(90)80211-H


Chemosensors 2025, 13, 15 42 of 43

276. Wilson, A.D. Review of Electronic-Nose Technologies and Algorithms to Detect Hazardous Chemicals in the Environment.
Procedia Technol. 2012, 1, 453–463. [CrossRef]

277. Wilson, A.D. Recent applications of electronic-nose technologies for the noninvasive early diagnosis of gastrointestinal diseases.
Proceedings 2018, 2, 147. [CrossRef]

278. Wilson, A.D. Applications of Electronic-Nose Technologies for Noninvasive Early Detection of Plant, Animal and Human
Diseases. Chemosensors 2018, 6, 45. [CrossRef]

279. Ryan, M.A.; Zhou, H.; Buehler, M.G.; Manatt, K.S.; Mowrey, V.S.; Jackson, S.P.; Kisor, A.K.; Shevade, A.V.; Homer, M.L. Monitoring
Space Shuttle Air Quality Using the Jet Propulsion Laboratory Electronic Nose. IEEE Sens. J. 2004, 4, 337–347. [CrossRef]

280. Covington, J.; Westenbrink, E.; Ouaret, N.; Harbord, R.; Bailey, C.; O’Connell, N.; Cullis, J.; Williams, N.; Nwokolo, C.; Bardhan,
K.; et al. Application of a Novel Tool for Diagnosing Bile Acid Diarrhoea. Sensors 2013, 13, 11899–11912. [CrossRef] [PubMed]

281. Shuster, G.; Gallimidi, Z.; Heyman Reiss, A.; Dovgolevsky, E.; Billan, S.; Abdah-Bortnyak, R.; Kuten, A.; Engel, A.; Shiban, A.;
Tisch, U.; et al. Classification of breast cancer precursors through exhaled. Breast Cancer Res. Treat. 2011, 126, 791–796. [CrossRef]
[PubMed]

282. Haick, H.; Broza, Y.Y.; Mochalski, P.; Ruzsanyi, V.; Amann, A. Assessment, Origin, and Implementation of Breath Volatile Cancer
Markers. Chem. Soc. Rev. 2014, 43, 1423–1449. [CrossRef] [PubMed]

283. Du, D.; Wang, J.; Wang, B.; Zhu, L.; Hong, X. Ripeness Prediction of Post Harvest Kiwifruit Using a MOS E-Nose Combined with
Chemometrics. Sensors 2019, 19, 419. [CrossRef]

284. Miller, T.C.; Morgera, S.D.; Saddow, S.E.; Takshi, A.; Mullarkey, M.; Palm, M. Neurological Connections and Endogenous
Biochemistry—Potentially Useful in Electronic-Nose Diagnostics for Coronavirus Diseases. Neurosciences 2021, 8, 284. [CrossRef]

285. Bikov, A.; Lázár, Z.; Horvath, I. Established Methodological Issues in Electronic Nose Research: How Far Are We from Using
These Instruments in Clinical Settings of Breath Analysis? J. Breath Res. 2015, 9, 034001. [CrossRef]

286. Dragonieri, S.; van der Schee, M.P.; Massaro, T.; Schiavulli, N.; Brinkman, P.; Pinca, A.; Carratú, P.; Spanevello, A.; Resta, O.; Musti,
M.; et al. An Electronic Nose Distinguishes Exhaled Breath of Patients with Malignant Pleural Mesothelioma from Controls. Lung
Cancer 2012, 75, 326–331. [CrossRef]

287. Chapman, E.A.; Thomas, P.S.; Stone, E.; Lewis, C.; Yates, D.H. A Breath Test for Malignant Mesothelioma Using an Electronic
Nose. Eur. Respir. J. 2012, 40, 448–454. [CrossRef]

288. Dragonieri, S.; Schot, R.; Mertens, B.J.A.; Le Cessie, S.; Gauw, S.A.; Spanevello, A.; Resta, O.; Willard, N.P.; Vink, T.J.; Rabe, K.F.;
et al. An Electronic Nose in the Discrimination of Patients with Asthma and Controls. J. Allergy Clin. Immunol. 2007, 120, 856–862.
[CrossRef]

289. Sensigent Technical Characteristics of the Cyranose 320 Electronic Nose. Available online: https://www.sensigent.com/cyranose-
320.html (accessed on 7 January 2025).

290. Montuschi, P.; Santonico, M.; Mondino, C.; Pennazza, G.; Maritini, G.; Martinelli, E.; Capuano, R.; Ciabattoni, G.; Paolesse, R.; Di
Natale, C.; et al. Diagnostic Performance of an Electronic Nose, Fractional Exhaled Nitric Oxide, and Lung Function Testing in
Asthma. Chest 2010, 137, 790–796. [CrossRef]

291. Kaloumenou, M.; Skotadis, E.; Lagopati, N.; Efstathopoulos, E.; Tsoukalas, D. Breath Analysis: A Promising Tool for Disease
Diagnosis—The Role of Sensors. Sensors 2022, 22, 1238. [CrossRef] [PubMed]

292. Di Natale, C.; Macagnano, A.; Martinelli, E.; Paolesse, R.; D’Arcangelo, G.; Roscioni, C.; Finazzi-Agrò, A.; D’Amico, A. Lung
Cancer Identification by the Analysis of Breath by Means of an Array of Non-Selective Gas Sensors. Biosens. Bioelectron. 2003, 18,
1209–1218. [CrossRef] [PubMed]

293. Mazzone, P.J.; Hammel, J.; Dweik, R.; Na, J.; Czich, C.; Laskowski, D.; Mekhail, T. Diagnosis of Lung Cancer by the Analysis of
Exhaled Breath with a Colorimetric Sensor Array. Thorax 2007, 62, 565–568. [CrossRef]

294. Mazzone, P.J.; Wang, X.-F.; Xu, Y.; Mekhail, T.; Beukemann, M.C.; Na, J.; Kemling, J.W.; Suslick, K.S.; Sasidhar, M. Exhaled Breath
Analysis with a Colorimetric Sensor Array for the Identification and Characterization of Lung Cancer. J. Thorac. Oncol. 2012, 7,
137–142. [CrossRef]

295. Pavlou, A.K.; Magan, N.; Jones, J.M.; Brown, J.; Klatser, P.; Turner, A.P.F. Detection of Mycobacterium Tuberculosis (TB) in Vitro
and in Situ Using an Electronic Nose in Combination with a Neural Network System. Biosens. Bioelectron. 2004, 20, 538–544.
[CrossRef]

296. Fend, R.; Kolk, A.H.J.; Bessant, C.; Buijtels, P.; Klatser, P.R.; Woodman, A.C. Prospects for Clinical Application of Electronic-Nose
Technology to Early Detection of Mycobacterium Tuberculosis in Culture and Sputum. J. Clin. Microbiol. 2006, 44, 2039–2045.
[CrossRef]

297. Phillips, M.; Basa-Dalay, V.; Blais, J.; Bothamley, G.; Chaturvedi, A.; Modi, K.D.; Pandya, M.; Natividad, M.P.R.; Patel, U.; Ramraje,
N.N.; et al. Point-of-Care Breath Test for Biomarkers of Active Pulmonary Tuberculosis. Tuberculosis 2012, 92, 314–320. [CrossRef]

298. Lorwongtragool, P.; Sowade, E.; Watthanawisuth, N.; Baumann, R.; Kerdcharoen, T. A Novel Wearable Electronic Nose for
Healthcare Based on Flexible Pinted Chemical Sensor Array. Sensors 2014, 14, 19700–19712. [CrossRef]

https://doi.org/10.1016/j.protcy.2012.02.101
https://doi.org/10.3390/ecsa-4-04918
https://doi.org/10.3390/chemosensors6040045
https://doi.org/10.1109/JSEN.2004.827275
https://doi.org/10.3390/s130911899
https://www.ncbi.nlm.nih.gov/pubmed/24018955
https://doi.org/10.1007/s10549-010-1317-x
https://www.ncbi.nlm.nih.gov/pubmed/21190078
https://doi.org/10.1039/C3CS60329F
https://www.ncbi.nlm.nih.gov/pubmed/24305596
https://doi.org/10.3390/s19020419
https://doi.org/10.20517/2347-8659.2021.05
https://doi.org/10.1088/1752-7155/9/3/034001
https://doi.org/10.1016/j.lungcan.2011.08.009
https://doi.org/10.1183/09031936.00040911
https://doi.org/10.1016/j.jaci.2007.05.043
https://www.sensigent.com/cyranose-320.html
https://www.sensigent.com/cyranose-320.html
https://doi.org/10.1378/chest.09-1836
https://doi.org/10.3390/s22031238
https://www.ncbi.nlm.nih.gov/pubmed/35161984
https://doi.org/10.1016/S0956-5663(03)00086-1
https://www.ncbi.nlm.nih.gov/pubmed/12835038
https://doi.org/10.1136/thx.2006.072892
https://doi.org/10.1097/JTO.0b013e318233d80f
https://doi.org/10.1016/j.bios.2004.03.002
https://doi.org/10.1128/JCM.01591-05
https://doi.org/10.1016/j.tube.2012.04.002
https://doi.org/10.3390/s141019700


Chemosensors 2025, 13, 15 43 of 43

299. Mansour, E.; Palzur, E.; Broza, Y.Y.; Saliba, W.; Kaisari, S.; Goldstein, P.; Shamir, A.; Haick, H. Noninvasive Detection of Stress by
Biochemical Profiles from the Skin. ACS Sens. 2023, 8, 1339–1347. [CrossRef]

300. Tai, H.; Wang, S.; Duan, Z.; Jiang, Y. Evolution of Breath Analysis Based on Humidity and Gas Sensors: Potential and Challenges.
Sens. Actuators B Chem. 2020, 318, 128104. [CrossRef]

301. Feller, J.F. Smart Plastics Group. Available online: http://www.smartplasticsgroup.com (accessed on 7 January 2025).
302. Kumar, B.; Castro, M.; Feller, J.F. Controlled Conductive Junction Gap for Chitosan-Carbon Nanotube Quantum Resistive Vapour

Sensors. J. Mater. Chem. 2012, 22, 10656–10664. [CrossRef]
303. Kumar, B.; Castro, M.; Feller, J.F. Tailoring the Chemo-Resistive Response of Self-Assembled Polysaccharide-CNT Sensors by

Chain Conformation at Tunnel Junctions. Carbon 2012, 50, 3627–3634. [CrossRef]
304. Kumar, B.; Feller, J.F.; Castro, M.; Lu, J. Conductive Bio-Polymer Nano-Composites (CPC): Chitosan-Carbon Nanotube Transducers

Assembled via Spray Layer-by-Layer for Volatile Organic Compound Sensing. Talanta 2010, 81, 908–915. [CrossRef] [PubMed]
305. Kumar, B.; Castro, M.; Feller, J.F. Quantum Resistive Vapour Sensors Made of Polymer Coated Carbon Nanotubes Random

Networks for Biomarkers Detection. Chem. Sens. 2013, 3, 20.
306. Feller, J.F.; Lu, J.; Zhang, K.; Kumar, B.; Castro, M.; Gatt, N.; Choi, H.J. Novel Architecture of Carbon Nanotube Decorated

Poly(Methyl Methacrylate) Microbead Vapour Sensors Assembled by Spray Layer by Layer. J. Mater. Chem. 2011, 21, 4142–4149.
[CrossRef]

307. Lu, J.; Feller, J.F.; Kumar, B.; Castro, M.; Kim, Y.S.; Park, Y.T.; Grunlan, J.C. Chemo-Sensitivity of Latex-Based Films Containing
Segregated Networks of Carbon Nanotubes. Sens. Actuators B Chem. 2011, 155, 28–36. [CrossRef]

308. Lu, J.; Park, B.J.; Kumar, B.; Castro, M.; Choi, H.J.; Feller, J.F. Polyaniline Nanoparticle-Carbon Nanotube Hybrid Network Vapour
Sensors with Switchable Chemo-Electrical Polarity. Nanotechnology 2010, 21, 255501. [CrossRef]

309. Lu, J.; Kumar, B.; Castro, M.; Feller, J.F. Vapour Sensing with Conductive Polymer Nanocomposites (CPC): Polycarbonate-Carbon
Nanotubes Transducers with Hierarchical Structure Processed by Spray Layer by Layer. Sens. Actuators B Chem. 2009, 140,
451–460. [CrossRef]

310. Chatterjee, S.; Castro, M.; Feller, J.F. An E-Nose Made of Carbon Nanotube Based Quantum Resistive Sensors for the Detection of
Eighteen Polar/Nonpolar VOC Biomarkers of Lung Cancer. J. Mater. Chem. B 2013, 1, 4563. [CrossRef]

311. Chatterjee, S.; Castro, M.; Feller, J.F. Tailoring Selectivity of Sprayed Carbon Nanotube Sensors (CNT) towards Volatile Organic
Compounds (VOC) with Surfactants. Sens. Actuators B Chem. 2015, 220, 840–849. [CrossRef]

312. Nag, S.; Duarte, L.; Bertrand, E.; Celton, V.; Castro, M.; Choudhary, V.; Guégan, P.; Feller, J.F. Ultrasensitive QRS Made by
Supramolecular Assembly of Functionalized Cyclodextrins and Graphene for the Detection of Lung Cancer VOC Biomarkers. J.
Mater. Chem. B Biol. Med. 2014, 2, 6571–6579. [CrossRef] [PubMed]

313. Nag, S.; Castro, M.; Choudhary, V.; Feller, J.F. Sulfonated Poly(Ether Ether Ketone) [SPEEK] Nanocomposites Based on Hybrid
Nanocarbons for the Detection and Discrimination of Some Lung Cancer VOC Biomarkers. J. Mater. Chem. B Biol. Med. 2017, 5,
348–359. [CrossRef] [PubMed]

314. Nag-Chowdhury, S.; Tung, T.T.; Ta, Q.T.H.; Kumar, G.; Castro, M.; Feller, J.F.; Sonkar, S.K.; Tripathi, K.M. Upgrading of Diesel
Engine Exhaust Waste into Onion-like Carbon Nanoparticles for Integrated Degradation Sensing in Nano-Biocomposites. New J.
Chem. 2021, 45, 3675–3682. [CrossRef]

315. Duan, Y.; Pirolli, L.; Teplyakov, A.V. Investigation of the H2S Poisoning Process for Sensing Composite Material Based on Carbon
Nanotubes and Metal Oxides. Sens. Actuators B Chem. 2016, 235, 213–221. [CrossRef] [PubMed]

316. Gathright, R.; Mejia, I.; Gonzalez, J.M.; Hernandez Torres, S.I.; Berard, D.; Snider, E.J. Overview of Wearable Healthcare Devices
for Clinical Decision Support in the Prehospital Setting. Sensors 2024, 24, 8204. [CrossRef]

317. Jin, H.; Yu, J.; Lin, S.; Gao, S.; Yang, H.; Haick, H.; Hua, C.; Deng, S.; Yang, T.; Liu, Y.; et al. Nanosensor-Based Flexible Electronic
Assisted with Light Fidelity Communicating Technology for Volatolomics-Based Telemedicine. ACS Nano 2020, 14, 15517–15532.
[CrossRef]

318. Sood, A.; Granick, M.S.; Trial, C.; Lano, J.; Palmier, S.; Ribal, E.; Téot, L. The Role of Telemedicine in Wound Care: A Review and
Analysis of a Database of 5795 Patients from a Mobile Wound-Healing Center in Languedoc-Roussillon, France. Plast. Reconstr.
Surg. 2016, 138, 248S–256S. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1021/acssensors.3c00011
https://doi.org/10.1016/j.snb.2020.128104
http://www.smartplasticsgroup.com
https://doi.org/10.1039/c2jm30527e
https://doi.org/10.1016/j.carbon.2012.03.034
https://doi.org/10.1016/j.talanta.2010.01.036
https://www.ncbi.nlm.nih.gov/pubmed/20298872
https://doi.org/10.1039/c0jm03779f
https://doi.org/10.1016/j.snb.2010.11.017
https://doi.org/10.1088/0957-4484/21/25/255501
https://doi.org/10.1016/j.snb.2009.05.006
https://doi.org/10.1039/c3tb20819b
https://doi.org/10.1016/j.snb.2015.06.005
https://doi.org/10.1039/C4TB01041H
https://www.ncbi.nlm.nih.gov/pubmed/32261818
https://doi.org/10.1039/C6TB02583H
https://www.ncbi.nlm.nih.gov/pubmed/32263553
https://doi.org/10.1039/D0NJ05950A
https://doi.org/10.1016/j.snb.2016.05.014
https://www.ncbi.nlm.nih.gov/pubmed/27812240
https://doi.org/10.3390/s24248204
https://doi.org/10.1021/acsnano.0c06137
https://doi.org/10.1097/PRS.0000000000002702

	Introduction 
	Cancer Detection 
	Conventional Methods 
	Recent Developments 
	Volatolome Analysis, a Promising Diagnosis Method 
	Origin of VOC in the Human Body 
	Various Biomarkers of Infectious Diseases 
	Lung and Skin Cancer Biomarkers 
	VOC Sensing: A Non-Invasive Method 
	Breath Collection Methods 
	Skin Headspace Collection Method 
	Analysis of Exhaled Breath 


	Sensors for Volatolome Analysis: Principles & Mechanism 
	Types of Sensors 
	Chemo-Resistive Sensors 
	Developments in Volatile Organic Compounds’ Sensors 
	Nanotoxicity 

	Electronic Noses (E-Nose) 
	Working Principles 
	Data Treatments 
	Artificial Neural Networking 

	Performances of E-Nose in Biomarkers’ Detection 
	Sensors’ Characteristics 
	Brief Overview of Existing Capabilities of E-Noses 
	Tailoring the Sensors’ Selectivity to Improve the E-Nose Discrimination Ability 

	Conclusions & Prospects 
	References

