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Abstract 

Background Lung cancer (LC), characterized by high incidence and mortality rates, presents a significant challenge 
in oncology. Despite advancements in treatments, early detection remains crucial for improving patient outcomes. 
The accuracy of screening for LC by detecting volatile organic compounds (VOCs) in exhaled breath remains to be 
determined.

Methods Our systematic review, following PRISMA guidelines and analyzing data from 25 studies up to October 
1, 2023, evaluates the effectiveness of different techniques in detecting VOCs. We registered the review protocol 
with PROSPERO and performed a systematic search in PubMed, EMBASE and Web of Science. Reviewers screened 
the studies’ titles/abstracts and full texts, and used QUADAS-2 tool for quality assessment. Then performed meta-anal-
ysis by adopting a bivariate model for sensitivity and specificity.

Results This study explores the potential of VOCs in exhaled breath as biomarkers for LC screening, offering a non-
invasive alternative to traditional methods. In all studies, exhaled VOCs discriminated LC from controls. The meta-
analysis indicates an integrated sensitivity and specificity of 85% and 86%, respectively, with an AUC of 0.93 for VOC 
detection. We also conducted a systematic analysis of the source of the substance with the highest frequency 
of occurrence in the tested compounds. Despite the promising results, variability in study quality and methodological 
challenges highlight the need for further research.

Conclusion This review emphasizes the potential of VOC analysis as a cost-effective, non-invasive screening tool 
for early LC detection, which could significantly improve patient management and survival rates.

Keywords Volatile organic compounds, Lung cancer, Exhaled, Diagnostic accuracy

Introduction
Currently, LC ranks among the cancers with the high-
est incidence rates. Despite a variety of treatments avail-
able that can prolong life and enhance quality of life, LC 
continues to be a predominant cause of cancer-related 
mortality [1]. Research extensively suggests that early 
screening and detection are the most effective strate-
gies to reduce mortality and improve survival rates in LC 
patients [2]. Consequently, enhancing the efficiency of 
early LC diagnosis has emerged as a vital area of research. 
Improving the early diagnosis rate of LC necessitates 
advancements in screening techniques. At present, radi-
ological examinations, particularly low-dose computed 
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tomography (LDCT), are deemed the most effective 
methods for LC screening. However, the high false-pos-
itive rate, unavoidable radiation exposure, and significant 
costs associated with LDCT limit its broad application 
[3].

In recent years, molecular biology approaches have 
received increased focus in cancer screening. These 
include the detection of tumor markers in bodily fluids, 
such as carcinoembryonic antigen (CEA) and circulating 
tumor DNA (ctDNA). Nonetheless, these methodologies 
are limited in sensitivity, and the search for novel, specific 
biomarkers is ongoing and challenging [4]. To address 
these limitations, a novel method involving the detection 
of VOCs in patients’ breath has been proposed.

Human physiological processes yield a multifaceted 
array of metabolic byproducts, which may originate 
directly within the lungs or be conveyed to the lungs via 
the bloodstream, subsequently being expelled through 
gaseous exchange. The contrast in physiological activities 
between tumoral and normal tissues results in distinct 
metabolic byproducts. By identifying these differentially 
produced compounds, it is viable to screen for prospec-
tive lung cancer patients [5]. Obtained via exhalation, 
these VOCs can thereafter be analyzed through two 
fundamental techniques: Chemical compound analysis 
employing gas chromatography and mass spectrometry 
(GC–MS), which allows for the examination of individual 

compounds, or the application of an electronic nose 
(eNose) that utilizes pattern recognition of chemical 
compounds through multivariate analysis. This burgeon-
ing technology presents a promising adjunct, proffering a 
simple, swift, non-invasive, point-of-care diagnostic tool 
potentially amenable to widespread screening efforts, 
ultimately aimed at refining lung cancer management 
strategies. Consequently, a systematic review of pre-
existing studies was undertaken to ascertain the viability 
of employing volatile organic compounds in lung cancer 
screening.

Materials and methods
Eligibility criteria
The inclusion criteria for controlled trials were as fol-
lows: patients diagnosed with LC via pathological or 
cytological confirmation; detection of volatile organic 
compounds (VOCs) in the exhalation of the subjects; and 
clinical studies. Exclusion criteria included studies with 
small sample sizes; lack of a healthy control group; focus 
on VOC detection technology; studies on VOC changes 
before and after LC treatment; studies not reporting the 
detected VOC results; and articles not written in English 
or unpublished. The detailed patient data for our analysis 
are shown in Appendix Table 2 (Fig. 1).

Fig. 1 Flowchart of selecting eligible studies
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Search and study selection
This meta-analysis was conducted in accordance with 
PRISMA guidelines. Two experienced reviewers (X.F. 
and Z.R.) searched the PubMed, EMBASE, and Web of 
Science databases for literature published up to October 
1, 2023. The keywords used were “lung cancer,” “volatile 
organic compounds,” and “exhalation screening” and the 
appropriate Medical Subject Heading (MeSH) terms. A 
specific search strategy was employed for each database, 
and the protocol was registered with PROSPERO (Regis-
tration No. CRD 42023470519).

Data extraction
In addition to basic information such as authors and pub-
lication dates, we extracted as much relevant information 
as possible about the experimental and control groups 
from the articles. All data related to the target out-
comes were recorded in a Microsoft Excel database. This 
included author names, publication years, data on the 
subjects of the experimental and control groups, VOC 
detection methods, and the diagnostic performance of 
exhaled VOC detection (sensitivity and specificity). Since 
almost all articles did not provide the number of true 
positives (TP), false positives (FP), true negatives (TN), 
and false negatives (FN), these metrics were calculated 
using the sensitivity, specificity, and the number of sub-
jects in the experimental and control groups provided in 
the literature.

Assessment of study quality
The quality of the included studies was assessed using 
the QUADAS-2 tool, which evaluates four key domains: 
patient selection, index tests, reference standards, and 
the flow and timing of the studies. Each component was 
assessed for risk of bias, with the first three domains also 
evaluated for their clinical applicability. The outcomes 
of this assessment were categorized into three risk lev-
els: low, high, and unclear (Appendix Table  4, Appen-
dix Fig. 1). The patient selection domain, predominantly 
based on case–control study designs, exhibited higher 
risks of bias and applicability. Similarly, most studies 
had high bias risks in the index test domain due to the 
reliance on known pathological results as the reference 
standard, though the applicability concerns here were 
minimal. Nearly all studies employed pathological exami-
nation as their reference standard, leading to low bias 
risks and high applicability in this domain. The majority 
of studies presented a low bias risk regarding study flow 
and timing, except for three studies that did not clearly 
specify whether all patients underwent the same test-
ing standards, resulting in unclear bias risks, and three 

others that either did not use uniform testing standards 
or failed to include all cases in the analysis, thus posing a 
higher risk.

Results
Study selection and characteristics
Subsequent to the elimination of duplicates, 329 studies 
were earmarked for screening. Amongst these, 304 were 
dismissed for failing to conform to the prescribed inclu-
sion criteria, resulting in the selection of 25 studies for 
incorporation into the systematic review. This review 
encapsulates 25 investigations centered on the utiliza-
tion of VOCs detected in exhalations for screening LC, 
encompassing a cumulative cohort of 2045 individu-
als diagnosed with LC and 2201 subjects in the control 
group, which included both healthy individuals and those 
diagnosed with benign respiratory conditions. The con-
tributing studies spanned 10 countries, with a prepon-
derance originating from the United States and China. 
Given the constraints of small sample sizes, the majority 
of studies resorted to cross-validation methods for veri-
fication. The collection of exhalation samples predomi-
nantly employed Tedlar bags, although a subset of studies 
utilized sorbent traps among alternative methodologies. 
Eighteen investigations adopted gas chromatography-
mass spectrometry (GC–MS) as the analytical technol-
ogy, notably including the study by Wang et  al., which 
implemented a synergy of SPME and TD techniques in 
conjunction with GC–MS. An additional two studies lev-
eraged GC-FID technology, whereas five other investiga-
tions utilized a diverse array of technologies, including 
IMS, SIFT-MS, HPPI-TOFMS, electronic nose (eNose), 
and CRDS. The compilation of VOCs discerned across 
these studies illuminated 37 compounds recurrent in 
three or more investigations, posited as potential bio-
markers for LC screening. These VOCs were catego-
rized according to prevalence, spanning alkanes, alkenes, 
ketones, benzenes and their derivatives, aldehydes, and 
alcohols, with hexanal emerging as the most prevalently 
detected compound. The sensitivity range deployed for 
LC screening via VOCs oscillated between 60.6% and 
100%, while specificity ranged from 61.2% to 100%.

Meta‑analysis
According to the retrieved data, we estimated the 
accuracy of VOCs as a screening tool for LC. The 
meta-analysis of exhaled VOCs revealed the pooled 
sensitivity and specificity of all the included studies 
were 85% (95% CI 84–87%) and 86% (95% CI 84–87%) 
(Fig. 2A, B), respectively The SROC curve revealed an 
AUC of 0.93 (Fig. 2C), indicating outstanding diagnos-
tic performance. And the PLR, NLR, and DOR were 
6.10 (95% CI 4.61–8.05), 0.18 (95% CI 0.13–0.23) and 
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42.26 (95% CI 25.68–69.55), respectively (Appendix 
Fig.  2A, B, C). Due to the scarcity of studies analyz-
ing the correlation between LC staging, subtypes, and 
exhaled VOCs, such data were limited and challenging 
for statistical analysis. The software used for the meta-
analysis included Excel, Origin 2021, and Meta-disc.

Discussion
The findings of this review suggest that VOCs present 
in exhaled breath may represent a novel and promising 
method for LC screening. This analysis encompassed 25 
studies involving a total of 2045 LC patients and 2200 
control group participants. Table  1 summarizes the 
essential information. The sensitivity and specificity for 
the detection of LC using exhaled VOCs were reported 
to be 85% (95% CI: 84–87%) and 86% (95% CI: 84–87%), 

Fig. 2 Clinical sensitivity (A), specificity (B) and SROC curve (C) of VOCs detection methods in the included studies

Table 1 Characteristics of included studies [6–30]

GC gas chromatography, MS mass spectrometry, FID flame ionization detector, SIFT selected ion flow tube, NTD Needle Trap Device, HPPI-TOFMS high-pressure photon 
ionization time-of-flight mass spectrometry, CRDS cavity ring-down spectroscopy, TD thermal desorption, IMS Ion mobility spectrometry, XGBoost eXtreme Gradient 
Boosting, OPLS-DA orthogonal projection to latent structure discriminant analysis, RF random forest, ANN artificial neural network, DFA discriminant function analysis, 
FA factor analysis, PCA Principal component analysis, LOO Leave-one-out cross-validation, SVM Support vector machine, LDA Linear discriminant analysis
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respectively, with an AUC of 0.93. These findings dem-
onstrate the high diagnostic accuracy of breath analysis 
for LC. However, given the significant risk of bias in the 
assessment of research quality, these results warrant cau-
tious interpretation.

Current mainstays for LC screening include LDCT and 
serum biomarkers. LDCT, extensively utilized, has been 
validated in previous studies to decrease LC mortality 
and enhance quality of life [31]. Nevertheless, despite its 
high sensitivity, LDCT’s specificity is comparatively low, 
and there is a potential risk of radiation damage, particu-
larly affecting the elderly. Moreover, utilizing LDCT for 
screening may elevate the incidence of radiation-induced 
LC [3]. Serum biomarkers for LC, such as CEA, CYFRA 
21–1, and ctDNA, are commonly employed. However, 
their sensitivity and specificity leave much to be desired. 
In contrast, the detection of VOCs in exhaled breath 
offers simplicity, non-invasiveness, and lacks radioac-
tive exposure, thereby enhancing patient compliance and 
achieving optimal detection accuracy. Consequently, this 
method holds considerable potential for further develop-
ment and widespread application.

Chemicals classes
A total of 190 VOCs were detected in the breath of LC 
patients in the included studies (Appendix Table  6). 
However, only 37 VOCs were detected in 3 or more arti-
cles among the 7 detection methods (Fig. 3), highlighting 
a low reproducibility of VOC detection across different 
studies. Employing consistent or standardized detection 
methods might help mitigate this issue. The compounds 
identified primarily comprise alkanes, alkenes, ketones, 
benzene, aldehydes, and alcohols, with hexanal being 
the most prevalent, detected in nearly half of the stud-
ies. Developing a specific VOC spectrum based on these 
frequently mentioned compounds could significantly 
enhance the diagnostic efficacy for LC.

The most commonly detected compounds in the 
included studies were alkanes, followed by alkenes, 
both of which belong to hydrocarbons. Under normal 
physiological conditions, human cells produce a certain 
amount of reactive oxygen species (ROS), which can 
cause peroxidation of lipids, especially polyunsaturated 
fatty acids (PUFA), when they are abnormal. This is one 
of the main sources of hydrocarbons [32]. Pentane, one 

Fig. 3 The most frequent detected VOCs for LC in studies
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of the most frequently detected alkanes, was once con-
sidered a marker of lipid peroxidation [33], but pentane 
can be further metabolized into 2-pentanol in the liver, 
so factors that affect the liver may change the concentra-
tion of pentane [34]. Isoprene appeared with the highest 
frequency among alkenes, and research has shown that it 
is mainly produced in the liver through the mevalonate 
pathway (MVA) from cholesterol biosynthesis [35]. How-
ever, other studies have confirmed that there is no direct 
correlation between the concentration of isoprene in 
breath and blood cholesterol levels [36, 37], so there may 
be other biological pathways that affect the concentration 
of isoprene in breath.

The β-oxidation process of long-chain fatty acids in 
mitochondria is the basis for ketones and ketone deriva-
tives in the human body. The active metabolism of fatty 
acids in cancer is also the main reason for the increase 
in ketone content in patients’ breath [32, 38]. Acetone 
is the simplest ketone with a high detection rate. How-
ever, its concentration is easily affected by metabolic 
diseases such as diabetes and physiological activities, so 
it’s potential as a biomarker still needs to be considered 
[39]. Benzene and its derivatives are generally believed 
come from the external environment, such as air pollu-
tion, cigarettes, chemical materials, etc. [40]. In fact, the 
aromatase which synthesizes hormones, is overexpressed 
in human breast cancer tissue, which may lead to changes 
in the concentration of benzene in the VOC spectrum 

[41], whether this phenomenon exists in LC needs fur-
ther explore.

Hexanal is the most frequently detected substance 
among all tested substances, with 11 studies mention-
ing it, indicating its importance as a potential LC bio-
marker. The sources of aldehydes and alcohols are very 
diverse, including diet, smoking, alcohol intake [42]. They 
are closely related to the metabolism of multiple types 
of substances. For example, the metabolism of hydro-
carbons can produce alcohols, the oxidation reaction of 
alcohols in the liver can produce aldehydes, and CYP450 
can also participate in the oxidation of alcohols to pro-
duce aldehydes [43].

The sources of esters, ethers and furan, in addition to 
dietary intake, mostly rely on enzymatic reactions [44]. 
Nitrogen and sulfur compounds mainly originate from 
the decomposition and synthesis of specific amino acids 
[45, 46]. However, more researches are needed in the 
future to prove whether they have potential to become 
biomarkers due to the low existence in breath.

In fact, only a portion of the most frequent compounds 
detected in the included studies have clear origins 
(Table 2), The majority of VOC sources are still unclear 
or only have some hypothetical origins. Moreover, even 
if some substances have a clear origin, their differences 
in LC patients may not necessarily indicate their abil-
ity to serve as biomarkers. For example, lung infections, 
non-specific inflammation, and other tumors also exhibit 

Table 2 The most frequent detected VOCs and their possible sources [32–46, 48–62]

Class Detected compounds Possible source
Alkane Dodecane;Hexane;

Undecane;Cyclohexane;
Decane;Heptane,2-methyl;
Octane;Pentane;Heptane;
Methyl cyclopentane

Peroxidation of polyunsaturated fatty acids (PUFA) [32], reactive oxygen
species (ROS) of oxidative stress [34,48], activity of cytochrome P450
(CYP450) [49], metabolism of ethanol [50]

Alkene lsoprene;Styrene;1-Hexene Peroxidation of PUFA [32,33], ROS of oxidative stress [34,48], CYP450
activity [49], cholesterol biosynthesis [35,36,37], metabolism of ethanol [50]

Ketone 2-Butanone;Acetone;
Cyclohexanone;
2-Pentanone;Acetoin;
2-Butanone,3-hydroxy-

β-oxidation process of long-chain fatty acids,ketogenicamino acid
decomposition [32,38,52], physiological activity [39], tumor activity [51]

Benzene Benzene;Ethyl benzene;
Toluene;Benzene,propyl-;
Benzene,1,2,4-trimethyl-

external environment [40,53], aromatase [41]

Aldehydes Hexanal;Heptanal;Nonanal;
Pentanal;Octanal;Decanal;
Benzaldehyde;Butanal

diet, smoking, alcohol metabolism, etc.[42,54,60], peroxidation of PUFA by
CYP450 [55], glycolysis/glycogenesis and fatty acid metabolism [56,57],
tumor activity [58], apoptosis [59]

Alcohol 1-Propanol;1-Butanol intake of food and alcoholic beverages, metabolism of hydrocarbons [39]

Ester/Ether Butyl acetate dietary intake [32], carboxylesterase [44]

Nitrogen compounds Acetonitrile gastrointestinal microorganisms,amino acids [45,46], smoking [40]

Sulfur compounds Dimethyl sulfide sulfur-containing amino acids [62]

Carboxylic acid - lipid peroxidation [32]

Furan - unclear, microbial action [61]
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oxidative stress, and most inflammatory conditions are 
related to the production of ROS. Therefore, some ROS 
products may not be specific to cancer [42]. Many stud-
ies have included other lung diseases, such as benign 
pulmonary nodules, COPD, and LC for comparison to 
screen specific VOC. Some common non-tumor and 
non-inflammatory metabolic diseases will also lead to 
changes in VOC [47]. Smoking is one of the most impor-
tant risk factors for LC, it is still uncertain whether it 
has an impact on respiratory test results. Phillips et  al.’s 
study [23] suggests that smoking has no significant effect 
on VOC spectra, while Long’s [9] and Corradi’s study 
[19] provide the opposite conclusion. This also con-
firms that the accuracy of using a single VOC diagnosis 
is low. While searching for specific biomarkers, it is also 

necessary to establish a diagnostic model that combines 
multiple VOCs. More research should be invested to 
explore the origin and related influencing factors of these 
substances, so that the clinically relevant information 
obtained from respiratory analysis is meaningful.

Stage and histological type
The baseline data of the subjects are shown in Table  3. 
Many of the included studies recorded the LC stage and 
VOCs spectrum, but few further explored the relation-
ship between them, nor do they set subgroups by histo-
logical type. In an instructive comparison conducted by 
Fuchs et  al. [20], an analysis on VOC spectra between 
SCLC and NSCLC exhibited an elevated concentration 
of hexanal in SCLC (p = 0.006), presumably attributed 

Table 3 Baseline information of people in the studies [6–30]



Page 8 of 11Fan et al. BMC Cancer          (2024) 24:775 

to its higher malignancy and augmented tumor cellular 
activity. Handa et  al. [21] found that EGFR mutations 
could lead to changes in VOC spectra, especially the 
n-Dodecane peak (p < 0.01). The study also confirmed 
that 2-Butanol, 2-Methylfuran, and n-Nonanal could 
also be used to distinguish adenocarcinoma from squa-
mous cell carcinoma (p = 0.011). Song et al. [28] observed 
that adenocarcinoma had higher levels of 1-butanol and 
3-hydroxy-2-butanone than squamous cell carcinoma 
(p < 0.05), while Fu et al. [30] reported an ascendance in 
the 4-hydroxyhexenal peaks within the VOC spectrum 
of squamous cell carcinoma (p = 0.03). Different types 
of tumor cells produce diversity in VOCs profiles due 
to their differences in biological behavior. Chen’s cyto-
logical experiment [18] also proved that different types 
of LC cells have their own unique VOC spectra. Asso-
ciative studies have highlighted LC staging correlations 
with VOCs spectral changes, where Chen [18] found 
that the VOC species of patients with stage I, II LC were 
the same as those of patients with stage III, IV LC, but 
the concentrations were different, suggesting that VOC 
detection is more suitable for stage I, II. LC. Fu et al. [30] 
found that the concentration of 2-butanone was signifi-
cantly lower in patients with stage I LC than in patients 
with stage II to IV LC. Conversely, Azamat et al. [14] pos-
tulated an increased concentration of 2-butanone in all 
advanced LC stages. Azamat also found that peaks such 
as 2,3-Butandione and 1-methylthiopropene were signifi-
cantly correlated with TNM staging of LC. Corradi et al.’s 
study [19] found that the concentration of ethyl benzene 
increased in the breath of patients with advanced NSCLC 
(p = 0.019). On the contrary, several studies by Phillips 
[22–24] and Song et  al. [28] suggested that the stage of 
LC had little impact on breath VOC detection. Although 
these studies analyzed the correlation between LC stag-
ing and VOC changes, the number of studies remains 
small, and the number of samples included in the studies 
is also small. Some research conclusions are conflicting, 
so further exploration is needed in this area in the future. 
Handa proposed establishing a unique VOC profile based 
on ethnicity, age, and other factors [21], which would also 
be a feasible research direction.

Collection methods
The collection of breath samples is an indispensable step 
in the detection of VOCs. Tedlar bag is the most com-
monly used collection method. Considering the low 
concentration of target VOCs in the sample and suscepti-
bility to environmental contaminants, sample preparation 
often involves the combined use of solid phase microex-
traction (SPME), sorption tubes, or thermal desorption 
(TD) methods. Wang et  al. [16] compared two sample 
preparation schemes, TD and SPME, extrapolating a 

diagnostic model sensitivity, specificity, and accuracy of 
80.8%, 84%, and 82.7% respectively for GC–MS in con-
junction with TD; and 75.6%, 78.9%, and 76.7% with 
GC–MS integrated with SPME. In addition, some litera-
ture has also attempted to use new collection methods, 
such as Monedeiro et al.’s [10] use of Needle trap device 
(NTD). This method effectively reduces the limitations 
of sample collection and quantification, greatly improv-
ing sample utilization and research analysis reproduc-
ibility. Several of the studies included end-tidal breath 
samples for analysis. Generally, the first two-thirds of 
human exhaled breath consist of airway gases, while the 
final one-third comprises alveolar gases. The VOC spec-
trum found in alveolar gases is relatively less impacted by 
external environments compared to airway gases, result-
ing in VOC concentrations that are 2–3 times higher 
than those in the total breath [63], which may render 
them more suitable for analysis. Moreover, the volume of 
samples collected in the study ranged from 10 ml to 10L, 
indicating a need for further research to ascertain if sam-
ple volume impacts detection outcomes. In summary, the 
collection method of samples does influence the accuracy 
of VOC detection, so reforming old technologies and 
developing new ones should be emphasized.

Detection methods
In fact, GC–MS is currently recognized as the gold 
standard for biomarker identification in human breath 
[64]. It can accurately analyze the specific compound in 
breath, but the method’s prohibitive cost, sophisticated 
equipment requirements, and steep learning curve hin-
der its widespread application in LC screening. Some of 
the literature included in this study used other detec-
tion methods, such as GC-FID and SIFT-MS. GC-FID, 
leveraging a flame ionization detector (FID), and SIFT-
MS, utilizing a selective ion flow tube (SIFT), represent 
advancements over the traditional GC–MS approach, 
convincingly enhancing LC screening sensitivity. E-nose 
and high-pressure photon ionization time-of-flight mass 
spectrometry (HPPI-TOFMS) have demonstrated com-
parative accuracy in LC screening to that of GC–MS. 
While neither method quantitatively measures VOC 
concentrations akin to GC–MS, they provide alternative 
indicators, such as compound mass spectra peaks. Fur-
thermore, these two methods can be used as portable 
devices for clinical real-time detection without sample 
preprocessing, reduced the possibility of contamination 
and enhance their portability. The other two detection 
methods Ion mobility spectrometry (IMS) and cavity 
ring-down spectroscopy (CRDS) exhibited lower accu-
racy levels. IMS obtains a single spectrum with a certain 
time limit and is generally not used for unknown sub-
stance detection, making it difficult to discover new LC 
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biomarkers in breath; CRDS is a laser absorption spec-
troscopy technology based on the principle of laser pulse 
decay in samples, with high specificity but low sensitiv-
ity. Although there are many different detection schemes 
available, the paucity of extensive research beyond GC–
MS underscores a compelling need for further investiga-
tion into their practical viability.

Statistical methods
Research has used various statistical methods for screen-
ing LC using VOCs. Traditional methods include t-tests, 
Wilcoxon tests, Mann–Whitney-U tests, principal com-
ponent analysis, discriminant analysis (DA), etc. These 
methods are mostly used to analyze the linear relation-
ship between VOCs and LC. However, given the complex 
interrelations among different VOCs, traditional algo-
rithms do not fully utilize VOC data, potentially ignor-
ing some nonlinear relationships [65]. In recent years, 
machine learning techniques have gradually become 
popular, such as random forest algorithms (RF) and arti-
ficial neural networks (ANN), which have gradually been 
introduced into research, promising more profound 
insights into VOC data interconnections. However, the 
establishment of these diagnostic models requires a large 
amount of data support, and the number of participants 
involved in the studies included is relatively small. Many 
studies also divide training and testing groups from the 
same sample dataset, so the fitted diagnostic models are 
mostly not ideal. Robyn et  al. pointed out that overfit-
ting models can overestimate or conservatively estimate 
the actual test performance [12]. Therefore, increasing 
sample sizes or adopting novel statistical methodologies 
is advisable to improve the establishment of diagnostic 
models.

Suggestions
The method of detecting LC through the content of VOC 
in breath has been proven to be feasible. However, com-
pared with other established and widely-used detection 
methods, significant gaps remain. The detection meth-
ods used in the included studies are different, as are the 
sampling collection, data statistics, and selection of tar-
get VOCs. These problems greatly limit the wide applica-
tion of VOC detection. Therefore, establish standards to 
homogenize breath testing protocols is imperative. Many 
studies only differentiate VOC spectra between patients 
and healthy people and use this to evaluate the accuracy 
of breath testing,without established a standard for the 
so-called “standard VOC spectrum”. Since collecting sam-
ples from healthy people is feasible, establishing a corre-
sponding “standard normal VOC spectrum” by age, race, 
etc. could lay a foundation for future research and clinical 

applications. In addition, there are two main directions 
for improving the accuracy of breath testing: develop-
ing new VOC detection technologies and improving 
the technologies already existed, or trying to find more 
specific LC biomarkers. Since the VOC contained in 
breath samples are easily affected by many aspects such 
as patient LC progression, lifestyle habits, and other dis-
eases, detailed patient stratification and analysis of LC 
staging, typing, smoking habits, other lung conditions, 
and VOC spectra are necessary. The complexity of VOC 
interactions makes it difficult to apply a single VOC as a 
diagnostic standard, thus, VOC spectra should be used 
for comprehensive diagnosis. Evaluating compounds as 
potential characteristic biomarkers warrants considera-
tion from diverse perspectives. Beyond sensitivity and 
specificity, factors such as compound stability, concentra-
tion in exhalation, and other relevant parameters should 
also be taken into account [66]. Future research may also 
incorporate cytological experimental studies to explore 
the biological characteristics of LC tumor cells and their 
unique VOC spectra, alongside clinical data to develop 
more effective diagnostic models. In addition, combining 
breath testing VOC with traditional LC screening meth-
ods such as CT can complement each other and may 
become a promising direction for future development.

Limitation
Although we make a comprehensive evaluation of the 
exhaled VOCs detection, and the included studies have 
excellent applicability, our study still has certain limita-
tions. 11 of the 25 included studies did not mention the 
stage of LC patients, and there were few subgroup anal-
yses of patient staging in the recorded articles. Consid-
ering that LC staging may affect the changes in VOC 
spectra, our study cannot provide a conclusive answer. 
In addition, 9 articles did not mention the classifica-
tion of LC patients, and although the remaining articles 
recorded the histological classification of patients, there 
was no unified classification method, and few articles 
studied the impact of different classifications on VOC 
spectra. Therefore, this study can only provide a general 
description of the feasibility of breath testing, but cannot 
provide specific clinical breath testing accuracy for LC. A 
total of 7 detection methods were included in the stud-
ies, but 19 studies used the same method GC–MS, which 
may affect our evaluation of the accuracy of other detec-
tion methods. In fact, besides GC–MS and eNose, using 
canine olfaction is also a cutting-edge but unconven-
tional research direction [67]. However, considering indi-
vidual differences in dogs and the inability of this method 
to quantitatively analyze specific VOCs, our study did 
not include articles in this research direction, and the 
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induction of methods for using VOCs in exhaled breath 
to screen for lung cancer is not comprehensive enough.

Conclusion

Our study included the latest research results on VOCs 
screening for LC in recent years, consistent with pre-
vious research conclusions, VOCs detection has excel-
lent accuracy. This detection method exhibits rapidity, 
non-invasiveness, and significant patient adherence, 
rendering it highly promising for clinical application. 
Some compounds such as alkanes show a high correla-
tion with LC, indicating use specific VOCs to construct 
models for diagnosing LC has high practicability. In 
addition, analyses were conducted on the differences in 
research results as well as the reasons for their occur-
rence, we also proposed some possible improvement 
plans. However, considering the existing researches still 
have some deficiencies, the factors that may affect the 
exhaled VOCs are still subject to various limitations 
that need to be further analyzed and verified. There-
fore, in the future, it’s necessary to conduct research 
on a large number of population samples to further 
investigate their associations and explore more VOCs 
with the potential to become biomarkers for lung can-
cer. The research findings of this review may provide 
new supplements to the direction of improving exhaled 
breath detection.

Abbreviations
LC  Lung cancer
VOC  Volatile organic compounds
GC  Gas chromatography
MS  Mass spectrometry

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12885- 024- 12537-7.

 Supplementary Material 1.

Acknowledgements
Many thanks to all the researchers involved in this study and the authors of 
included studies.

Authors’ contributions
Study design: Xianzhe Fan, Ran Zhong, Hengrui Liang, Sitong Chen. Literature 
search: Xianzhe Fan, Ran Zhong. Literature screening: Xianzhe Fan, Ran Zhong, 
Hengrui Liang, Qiu Zhong, Hongtai Huang, Juan He, Yang Chen, Zixun Wang, 
Songlin Xie, Hengrui Liang, Yu Jiang, Yuechun Lin. Data collection: Xianzhe Fan, 
Ran Zhong. Xianzhe Fan, Ran Zhong drafted the manuscript and all authors 
have contributed to the important content of the manuscript. All author-
ized persons have full access to all data and approve the final version of the 
manuscript.

Funding
No funding.

Availability of data and materials
No datasets were generated or analysed during the current study.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 4 April 2024   Accepted: 18 June 2024

References
 1. Sung H, Ferlay J, Siegel RL, et al. Global Cancer Statistics 2020: GLOBOCAN 

estimates of incidence and mortality worldwide for 36 cancers in 185 
countries. CA Cancer J Clin. 2021;71(3):209–49.

 2. Lancaster HL, Heuvelmans MA, Oudkerk M. Low-dose computed tomog-
raphy lung cancer screening: clinical evidence and implementation 
research. J Intern Med. 2022;292(1):68–80.

 3. Brenner DJ. Radiation risks potentially associated with low-dose CT 
screening of adult smokers for lung cancer. Radiology. 2004;231(2):440–5.

 4. Seijo LM, Peled N, Ajona D, et al. Biomarkers in lung cancer screen-
ing: achievements, promises, and challenges. J Thorac Oncol. 
2019;14(3):343–57.

 5. Ratiu IA, Ligor T, Bocos-Bintintan V, et al. Volatile organic compounds in 
exhaled breath as fingerprints of lung cancer, asthma and COPD. J Clin 
Med. 2020;10(1):32.

 6. Gashimova E, Temerdashev A, Porkhanov V, et al. Investigation of different 
approaches for exhaled breath and tumor tissue analyses to identify lung 
cancer biomarkers. Heliyon. 2020;6(6):e04224.

 7. Koureas M, Kirgou P, Amoutzias G, et al. Target analysis of volatile organic 
compounds in exhaled breath for lung cancer discrimination from other 
pulmonary diseases and healthy persons. Metabolites. 2020;10(8):317.

 8. Tsou PH, Lin ZL, Pan YC, et al. Exploring volatile organic compounds 
in breath for high-accuracy prediction of lung cancer. Cancers (Basel). 
2021;13(6):1431.

 9. Long Y, Wang C, Wang T, et al. High performance exhaled breath biomark-
ers for diagnosis of lung cancer and potential biomarkers for classification 
of lung cancer. J Breath Res. 2021;15(1):016017.

 10. Monedeiro F, Monedeiro-Milanowski M, Ratiu IA, et al. Needle trap 
device-GC-MS for characterization of lung diseases based on breath VOC 
profiles. Molecules. 2021;26(6):1789.

 11. Wang P, Huang Q, Meng S, et al. Identification of lung cancer breath 
biomarkers based on perioperative breathomics testing: a prospective 
observational study. EClinicalMedicine. 2022;16(47):101384.

 12. Larracy R, Phinyomark A, Scheme E. Infrared cavity ring-down spectros-
copy for detecting non-small cell lung cancer in exhaled breath. J Breath 
Res. 2022;16(2):026008.

 13. Smirnova E, Mallow C, Muschelli J, et al. Predictive performance of 
selected breath volatile organic carbon compounds in stage 1 lung 
cancer. Transl Lung Cancer Res. 2022;11(6):1009–18.

 14. Temerdashev AZ, Gashimova EM, Porkhanov VA, et al. Non-invasive lung 
cancer diagnostics through metabolites in exhaled breath: influence of 
the disease variability and comorbidities. Metabolites. 2023;13(2):203.

 15. Rudnicka J, Kowalkowski T, Buszewski B. Searching for selected VOCs in 
human breath samples as potential markers of lung cancer. Lung Cancer. 
2019;135:123–9.

 16. Wang M, Sheng J, Wu Q, et al. Confounding effect of benign pulmonary 
diseases in selecting volatile organic compounds as markers of lung 
cancer. J Breath Res. 2018;12(4):046013.

 17. Bajtarevic A, Ager C, Pienz M, et al. Noninvasive detection of lung cancer 
by analysis of exhaled breath. BMC Cancer. 2009;29(9):348.

 18. Chen X, Xu F, Wang Y, et al. A study of the volatile organic compounds 
exhaled by lung cancer cells in vitro for breath diagnosis. Cancer. 
2007;110(4):835–44.

https://doi.org/10.1186/s12885-024-12537-7
https://doi.org/10.1186/s12885-024-12537-7


Page 11 of 11Fan et al. BMC Cancer          (2024) 24:775  

 19. Corradi M, Poli D, Banda I, et al. Exhaled breath analysis in suspected 
cases of non-small-cell lung cancer: a cross-sectional study. J Breath Res. 
2015;9(2):027101.

 20. Fuchs P, Loeseken C, Schubert JK, Miekisch W. Breath gas aldehydes as 
biomarkers of lung cancer. Int J Cancer. 2010;126(11):2663–70.

 21. Handa H, Usuba A, Maddula S, et al. Exhaled breath analysis for 
lung cancer detection using ion mobility spectrometry. PLoS ONE. 
2014;9(12):e114555.

 22. Phillips M, Gleeson K, Hughes JM, et al. Volatile organic compounds 
in breath as markers of lung cancer: a cross-sectional study. Lancet. 
1999;353(9168):1930–3.

 23. Phillips M, Cataneo RN, Cummin AR, et al. Detection of lung cancer with 
volatile markers in the breath. Chest. 2003;123(6):2115–23.

 24. Phillips M, Altorki N, Austin JH, et al. Prediction of lung cancer using 
volatile biomarkers in breath. Cancer Biomark. 2007;3(2):95–109.

 25. Poli D, Carbognani P, Corradi M, et al. Exhaled volatile organic compounds 
in patients with non-small cell lung cancer: cross sectional and nested 
short-term follow-up study. Respir Res. 2005;6(1):71.

 26. Sakumura Y, Koyama Y, Tokutake H, et al. Diagnosis by volatile organic 
compounds in exhaled breath from lung cancer patients using support 
vector machine algorithm. Sensors (Basel). 2017;17(2):287.

 27. Schallschmidt K, Becker R, Jung C, et al. Comparison of volatile organic 
compounds from lung cancer patients and healthy controls-challenges 
and limitations of an observational study. J Breath Res. 2016;10(4):046007.

 28. Song G, Qin T, Liu H, et al. Quantitative breath analysis of volatile organic 
compounds of lung cancer patients. Lung Cancer. 2010;67(2):227–31. https:// 
doi. org/ 10. 1016/j. lungc an. 2009. 03. 029. Epub 2009 May 5. PMID: 19409642.

 29. Gordon SM, Szidon JP, Krotoszynski BK, et al. Volatile organic com-
pounds in exhaled air from patients with lung cancer. Clin Chem. 
1985;31(8):1278–82.

 30. Fu XA, Li M, Knipp RJ, et al. Noninvasive detection of lung cancer using 
exhaled breath. Cancer Med. 2014;3(1):174–81.

 31. International Early Lung Cancer Action Program Investigators, Henschke 
CI, Yankelevitz DF, et al. N Engl J Med. 2006;355(17):1763–71.

 32. Hakim M, Broza YY, Barash O, et al. Volatile organic compounds of lung cancer 
and possible biochemical pathways. Chem Rev. 2012;112(11):5949–66.

 33. Kneepkens CM, Lepage G, Roy CC. The potential of the hydrocarbon 
breath test as a measure of lipid peroxidation. Free Radic Biol Med. 
1994;17(2):127–60.

 34. Ratcliffe N, Wieczorek T, Drabińska N, et al. A mechanistic study and 
review of volatile products from peroxidation of unsaturated fatty acids: 
an aid to understanding the origins of volatile organic compounds from 
the human body. J Breath Res. 2020;14(3):034001.

 35. Miekisch W, Schubert JK, Noeldge-Schomburg GF. Diagnostic potential 
of breath analysis–focus on volatile organic compounds. Clin Chim Acta. 
2004;347(1–2):25–39.

 36. Turner C, Spanel P, Smith D. A longitudinal study of breath isoprene in 
healthy volunteers using selected ion flow tube mass spectrometry (SIFT-
MS). Physiol Meas. 2006;27(1):13–22.

 37. Sukul P, Richter A, Schubert JK, Miekisch W. Deficiency and absence of 
endogenous isoprene in adults, disqualified its putative origin. Heliyon. 
2021;7(1):e05922.

 38. Broza YY, Kremer R, Tisch U, et al. A nanomaterial-based breath test for short-
term follow-up after lung tumor resection. Nanomedicine. 2013;9(1):15–21.

 39. Smith D, Wang T, Spanĕl P. On-line, simultaneous quantification of 
ethanol, some metabolites and water vapour in breath following the 
ingestion of alcohol. Physiol Meas. 2002;23(3):477–89.

 40. Ulanowska A, Kowalkowski T, Trawińska E, Buszewski B. The application  
of statistical methods using VOCs to identify patients with lung cancer.  
J Breath Res. 2011;5(4):046008.

 41. Chen S. Aromatase and breast cancer. Front Biosci. 1998;6(3):d922–33.
 42. Haick H, Broza YY, Mochalski P, et al. Assessment, origin, and implementa-

tion of breath volatile cancer markers. Chem Soc Rev. 2014;43(5):1423–49.
 43. Patel VB. Molecular aspects of alcohol and nutrition: a volume in the 

molecular nutrition series. Cambridge: Academic Press; 2015.
 44. Imai T, Taketani M, Shii M, et al. Substrate specificity of carboxylesterase 

isozymes and their contribution to hydrolase activity in human liver and 
small intestine. Drug Metab Dispos. 2006;34(10):1734–41.

 45. Hanouneh IA, Zein NN, Cikach F, et al. The breathprints in patients with 
liver disease identify novel breath biomarkers in alcoholic hepatitis. Clin 
Gastroenterol Hepatol. 2014;12(3):516–23.

 46. Ye W, Zhang Y, He M, et al. Relationship of tongue coating microbiome 
on volatile sulfur compounds in healthy and halitosis adults. J Breath Res. 
2019;14(1):016005.

 47. Callol-Sanchez L, Munoz-Lucas MA, Gomez-Martin O, et al. Observation 
of nonanoic acid and aldehydes in exhaled breath of patients with lung 
cancer. J Breath Res. 2017;11(2):026004.

 48. Ghezzi P, Jaquet V, Marcucci F, Schmidt HHHW. The oxidative stress theory 
of disease: levels of evidence and epistemological aspects. Br J Pharma-
col. 2017;174(12):1784–96.

 49. Mangler M, Freitag C, Lanowska M, et al. Volatile organic compounds 
(VOCs) in exhaled breath of patients with breast cancer in a clinical set-
ting. Ginekol Pol. 2012;83(10):730–6.

 50. Müller A, Sies H. Role of alcohol dehydrogenase activity and the acetal-
dehyde in ethanol- induced ethane and pentane production by isolated 
perfused rat liver. Biochem J. 1982;206(1):153–6.

 51. Santos PM, Del Nogal SM, Pozas ÁPC, et al. Determination of ketones and 
ethyl acetate-a preliminary study for the discrimination of patients with 
lung cancer. Anal Bioanal Chem. 2017;409(24):5689–96.

 52. Leung T, Rajendran R, Singh S, et al. Cytochrome P450 2E1 (CYP2E1) 
regulates the response to oxidative stress and migration of breast cancer 
cells. Breast Cancer Res. 2013;15(6):R107.

 53. Toxicological Profile for Benzene. Atlanta (GA): Agency for Toxic Sub-
stances and Disease Registry (US); 2007. Available from: https:// www. 
ncbi. nlm. nih. gov/ books/ NBK59 1293/.

 54. Mazzone PJ. Analysis of volatile organic compounds in the exhaled 
breath for the diagnosis of lung cancer. J Thorac Oncol. 2008;3(7):774–80.

 55. Kinter M. Analytical technologies for lipid oxidation products analysis.  
J Chromatogr B Biomed Appl. 1995;671(1–2):223–36.

 56. Zimmermann D, Hartmann M, Moyer MP, et al. Determination of volatile 
products of human colon cell line metabolism by GC/MS analysis. 
Metabolomics. 2007;3:13–7.

 57. Gatenby RA, Gillies RJ. Why do cancers have high aerobic glycolysis? Nat 
Rev Cancer. 2004;4(11):891–9.

 58. Soomro IN, Whimster WF. Growth fraction in lung tumours determined 
by Ki67 immunostaining and comparison with AgNOR scores. J Pathol. 
1990;162(3):217–22.

 59. Pyo JS, Ju HK, Park JH, Kwon SW. Determination of volatile biomarkers for 
apoptosis and necrosis by solid-phase microextraction-gas chromatogra-
phy/mass spectrometry: a pharmacometabolomic approach to cisplatin’s 
cytotoxicity to human lung cancer cell lines. J Chromatogr B Analyt 
Technol Biomed Life Sci. 2008;876(2):170–4.

 60. Jareño-Esteban JJ, Muñoz-Lucas MÁ, Carrillo-Aranda B, et al. Volatile 
organic compounds in exhaled breath in a healthy population: effect of 
tobacco smoking. Arch Bronconeumol. 2013;49(11):457–61.

 61. Trefz P, Koehler H, Klepik K, et al. Volatile emissions from Mycobacterium 
avium subsp. paratuberculosis mirror bacterial growth and enable 
distinction of different strains. PLoS One. 2013;8(10):e76868.

 62. Yamagishi K, Onuma K, Chiba Y, et al. Generation of gaseous sulfur-con-
taining compounds in tumour tissue and suppression of gas diffusion as 
an antitumour treatment. Gut. 2012;61(4):554–61.

 63. Hanna GB, Boshier PR, Markar SR, Romano A. Accuracy and methodologic 
challenges of volatile organic compound-based exhaled breath tests for 
cancer diagnosis: a systematic review and meta-analysis. JAMA Oncol. 
2019;5(1):e182815.

 64. Mametov R, Ratiu IA, Monedeiro F, et al. Evolution and evaluation of GC 
Columns. Crit Rev Anal Chem. 2019;51(2):150–73.

 65. Eckel SP, Baumbach J, Hauschild AC. On the importance of statistics in 
breath analysis – hope or curse? J Breath Res. 2014;8(1):012001.

 66. Li J, Peng Y, Liu Y, et al. Investigation of potential breath biomarkers for 
the early diagnosis of breast cancer using gas chromatography-mass 
spectrometry. Clin Chim Acta. 2014;25(436):59–67.

 67. Feil C, Staib F, Berger MR, et al. Sniffer dogs can identify lung cancer patients 
from breath and urine samples. BMC Cancer. 2021;21(1):917. https:// doi. 
org/ 10. 1186/ s12885- 021- 08651-5. PMID: 34388977; PMCID: PMC8362224.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1016/j.lungcan.2009.03.029
https://doi.org/10.1016/j.lungcan.2009.03.029
https://www.ncbi.nlm.nih.gov/books/NBK591293/
https://www.ncbi.nlm.nih.gov/books/NBK591293/
https://doi.org/10.1186/s12885-021-08651-5
https://doi.org/10.1186/s12885-021-08651-5

	Exhaled VOC detection in lung cancer screening: a comprehensive meta-analysis
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 

	Introduction
	Materials and methods
	Eligibility criteria
	Search and study selection
	Data extraction
	Assessment of study quality

	Results
	Study selection and characteristics
	Meta-analysis

	Discussion
	Chemicals classes
	Stage and histological type
	Collection methods
	Detection methods
	Statistical methods
	Suggestions
	Limitation

	Conclusion
	Acknowledgements
	References


