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Abstract
Exhaled breath analysis has emerged as a non-invasive and promising method for early detection of
lung cancer, offering a novel approach for diagnosis through the identification of specific
biomarkers present in a patient’s breath. For this longitudinal study, 29 treatment-naive patients
with lung cancer were evaluated before and after surgery. Secondary electrospray ionization
high-resolution mass spectrometry was used for exhaled breath analysis. Volatile organic
compounds with absolute log2 fold change⩾1 and q-values⩾ 0.71 were selected as potentially
relevant. Exhaled breath analysis resulted in a total of 3482 features. 515 features showed a
substantial difference before and after surgery. The small sample size generated a false positive rate
of 0.71, therefore, around 154 of these 515 features were expected to be true changes. Biological
identification of the features with the highest consistency (m/z −242.18428 andm/z −117.0539)
revealed to potentially be 3-Oxotetradecanoic acid and Indole, respectively. Principal component
analysis revealed a primary cluster of patients with a recurrent lung cancer, which remained
undetected in the initial diagnostic and surgical procedures. The change of exhaled breath patterns
after surgery in lung cancer emphasizes the potential for lung cancer screening and detection.

1. Introduction

Lung cancer is the leading cause of cancer deaths in
the world [1]. Mostly, lung cancer is not detected
until it is at an advanced stage and more than half
of the patients are diagnosed at the most advanced
stage IV when curative therapy is usually not pos-
sible anymore [2]. Therefore, early detection of lung
cancer is of fundamental importance in cancer treat-
ment given a drop in the 5 year survival rate from
70%–90% in stage I to 0%–10% in stage IV [3].
Lung cancer in potentially curative stages does typ-
ically not cause symptoms and even if symptoms are
present they are non-specific which makes diagnosis
challenging [4].

Several lung cancer screening methods were
proposed such as high-resolution computed tomo-
graphy (HRCT), chest x-ray, screening with bio-
markers, and biopsy techniques. However, the pos-
sible advantages of lung cancer screening have to

be balanced against the potential of inducing harm,
over-diagnosing, cost-effectiveness, or the incapabil-
ity of early diagnosis [5]. Despite the fact that lung
cancer screening with computed tomography has
been proven to substantially decrease lung cancer spe-
cific mortality, its application is challenging in mul-
tiple aspects such as variability in radiological stand-
ards, the pre-selection of at-risk populations, false
positive rates, and over-diagnosing [5–8]. Therefore,
new methods for simple, accurate, and non-invasive
diagnosis of lung cancer, especially in curative stages,
would be highly desirable.

Exhaled breath analysis is considered a prom-
ising method for lung cancer screening. The con-
centrations of volatile organic compounds (VOCs)
in exhaled breath has shown to be representat-
ive of its blood concentration, reflecting ongoing
internal metabolic processes [9]. In pathological con-
ditions, VOCs in exhaled breath compounds are
altered due to the shift in cell metabolism and can
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be directly linked to diseases [10]. Various potential
VOCs from breath analysis in lung cancer screen-
ing are postulated, however, high sensitivity and
specificity has to be reached and validation studies
are missing. Furthermore, most studies used meth-
ods such as proton transfer reaction mass spectro-
metry or gas chromatography, which are less attract-
ive for clinical practice due to the need for sample
preparation or limited sensitivity and specificity.
Therefore, the translation of research into the clin-
ical environment has not taken place yet. The most
recent developed on-line breath measurement is sec-
ondary electrospray ionization high-resolution mass
spectrometry (SESI-HRMS) [11–13] which enables
breath measurements in a clinical setting without
sample preparation and offers one of the largest
range of detectable masses, thus allowing biomarker
identification [14].

The objective of this study was to obtain lung can-
cer specific VOCs with SESI-HRMS in patients with
potentially curative lung cancer undergoing surgery.
By using a longitudinal study design with consist-
ent measurement conditions, we aim to enhance the
likelihood of detecting cancer-related VOCs follow-
ing tumor removal.We hypothesize that the complete
removal of lung cancer will lead to alterations in lung
cancer specific VOCs potentially enabling improved
cancer screening.

2. Methods

2.1. Study design and participants
For this longitudinal study, 29 treatment-naive
patients with lung cancer were recruited during hos-
pital stay at the University Hospital of Zurich between
March 2020 and January 2023.

For inclusion, patients had to (i) have a high
suspicion for lung cancer (ii) undergo a lung can-
cer surgery with curative intention (UICC stage I
and II) (iii) be ⩾18 years old (iiii) have signed the
informed consent. Exclusion criteria were (i) other
active carcinoma (ii) other lung diseases except of
chronic obstructive pulmonary disease (iii) renal fail-
ure (glomerular filtration rate ⩽ 15 ml min−1).
Online real-time exhaled breath measurement was
performed for each cancer patient at two study vis-
its. The first visit was within one week before surgery
and the second visit was performed no earlier than
one month after the surgery (figure 1). The local eth-
ical committee approved the study protocol (KEK-
ZH 2015–0607). The experiments were conducted
in accordance with the Declaration of Helsinki,
principles of Good Clinical Practice and written
informed consent was obtained from all participants
before participation. The clinical trial was registered
at ClinicalTrials.gov (NCT02781857). Results were
reported according to STROBE guidelines.

Figure 1. Study flow chart.

2.2. Study design and participants
To ensure proper measurement, participants were
asked to abstain from drinking (except water), eating,
chewing gum, brush their teeth, and smoking for at
least one hour prior to the measurement. The ana-
lytical platform utilized in this study consisted of a
SUPER-SESI source (Fossil Ion Technology, Spain)
coupled to a Q Exactive Plus HRMS (Thermo Fisher
Scientific, Germany). To standardize exhaled breath
volume and flow, a capnograph (Exhalion, Fossil Ion
Technology, Spain) was used. Full scan mass spectra
were recorded in both positive and negative ionmode
with an accumulation time of 1.2 s within the 70–
1000 Dalton range. The patients set upright in front
of the mass spectrometer and underwent twelve con-
secutive exhaled breath measurements using a sterile
filter (MicroGard II, Vyaire, Germany). To ensure
data comparability throughout the study all meas-
urements were taken in the same environment, daily
mass spectrometer calibrations were performed, and
instrument operators adhered to internal standard
operating procedures.

2.3. Data processing and analysis
The dataset utilized in this analysis consisted of clin-
ical metadata and raw mass spectrometry breath
data obtained from 29 participants, resulting in a
total of 58 breath measurements. Each measure-
ment contained a mass spectrometry file in both
positive and negative mode, as well as correspond-
ing Exhalion measurement files capturing carbon
dioxide data. The breath measurements were cat-
egorized into two groups within the study setup
(i) breath measurements from lung cancer patients
before surgery (ii) breath measurements from the
same lung cancer patients after surgery. The mass
spectra data were directly retrieved from the RAW
files using in-house software based on RawFileReader
from Thermo Fisher Scientific. The measurement
data were preprocessed using deep breath intelli-
gences (DBI) proprietary pipeline, resulting in a data
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matrix comprising 3482 features. The features cor-
responded to the signal intensity of 2067 positive
and 1415 negative mode mass-to-charge ratios (m/z)
derived from the mass spectrum. A fold-change ana-
lysis was conducted to examine the differences in
feature intensities before and after surgery. One-
and two-sample t-tests (within and between groups)
were employed to assess whether the mean of the
sample significantly differ from the expected mean.
Subsequent estimate of the false discovery rate for
multiple hypothesis testing was performed by com-
puting q-values for each p-value as instructed by
Storey [15]. Statistical significance level was set to
α < 0.05. The features with absolute log2 fold change
greater than 1 and q-values greater than 0.71 (equi-
valent to p-value < 0.20, since the small samples
size prohibited q-values < 0.05 after multiple test-
ing) were selected as features of interest. These poten-
tially relevant features were displayed in a volcano
plot. To quantify the consistency of changes, a score
for each feature of interest was calculated by taking
the log2 transformation of the ratio between the count
of patients with increased feature intensity values at
visit 2 and the count of patients with decreased fea-
ture intensity values at visit 2. Features with higher
number of patients showing increased values in visit
2 have higher positive consistency scores, while those
with more patients displaying decreased values have
higher negative consistency scores. Features with an
equal number of patients showing both increased or
decreased values have scores close to zero, suggesting
a lack of consistency in observed changes. Principal
component analysis (PCA) of the features of interest
with log2 fold changes⩾1 and q-value> 0.71was per-
formed to identify a potential underlying structure of
the data. To assess the potential correlation between
the features of interest and the operational procedure
itself, a correlation of time since surgery and log2 fold
changes was conducted for each feature. This ana-
lysis involved categorizing patients into three groups
based on the time intervals between their first and
second visit: less than 6 weeks, less than 12 weeks, and
over 12 weeks, respectively. MetaboAnalystR (version
2.0.4) was used to translate all the measured features
into metabolic pathways and a biological context. A
dedicated SESI-HRMS database from DBI was used
to assign possible sum formulas to exact mass fea-
tures. Derivatized formulas are computationally gen-
erated and ranked based on valence and elemental
ratio check in combination with the original MS-
FINDER formula scoring algorithm. This database is
based on Fiehn’s seven golden rules [16].

A power analysis was conducted to determine the
sample size needed to achieve the desired power level.
To generate simulated datasets, the mean and stand-
ard deviation of a specific feature out of this study
was utilized, generating 1000 datasets from a nor-
mal distribution. This simulation was repeated 146

times, gradually increasing the sample size from 5 to
150. For each generated dataset of every feature, the
one-sample t-test was employed to calculate the p-
value, maintaining the null hypothesis that there is
no significant difference between the sample mean
and the expected population mean. C#, MATLAB,
and Python were used for data processing and data
analysis.

3. Results

3.1. Patient characteristics
A total of 29 participants were included in this study.
All subjects were of Caucasian ethnicity and themean
(SD) age of patients was 65 (9.8) years. The propor-
tions of active smokers, former smokers, and never-
smokers were 30%, 53%, and 14% (9, 16, 4 patients,
respectively) and mean (SD) pack years was 32 (22)
(table 1). Themean (SD) duration between visit 1 and
visit 2 was 83.7 (51.5) days.

The most common histological type of cancer
found in the cancer patients was adenocarcinoma
(22/30 patients), followed by squamous cell car-
cinoma (5/30). Most of the cancers were found in the
upper lobe of the lung and the most common Union
for International Cancer Control (UICC) classifica-
tion was IAIII (table 2). Three patients developed a
recurrent or secondary lung cancer (LC001, LC176,
and LC185) at the time of data analysis.

3.2. Potential change of exhaled breath in patients
after lung cancer surgery
Exhaled breath data, obtained from 29 patients before
and after lung cancer surgery, resulted in a total of
3482 breath features. The p-values and q-values for
the difference between pre- and post-surgery of each
feature can be found in the supplements (table S1)
as well as the distribution of fold-changes and one-
sample t-test (figures S1 and S2). The lowest q-value
obtained in our analysis was 0.7082, which exceeded
the standard cut-off value of 0.05. The distribution of
the q-values revealing a peak of 828 features with q-
values around 0.70. (figure S3) Among these 828 fea-
tures, 248 features (30%) were suggested to be true
positive discoveries. The vulcano plot with the 3482
breath features plotted showed 515 features with a
fold change greater than or equal to 2 and q- value
of⩽0.71 (figure 2).

These highlighted features (features of interest)
represented a substantial fold change before and after
surgery and a relevant difference between pre- and
post surgery greater than the selected cut-off q-value
of 0.71. Due to the false positive rate of 0.71, around
154 of these features were expected to show true
changes after lung cancer surgery. None of these fea-
tures showed a correlation with time between cancer
surgery and follow-up.
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Table 1. Patients characteristics.

Age, years 65 (9.8)
Male, N (%) 13 (45)
BMI, kg m2 26.6 (5.7)
Smoking history, N (%)

Never smoker 4 (14)
Ex-smoker 16 (53)
Current smoker 9 (30)
Pack years, py 32 (22)

Lung diseases, N (%)
COPD 8 (28)
OSA 3 (10)
Other 2 (7)

CVD, N (%) 10 (34)
GERD, N (%) 0 (0)
CKD, N (%) 3 (10)
Diabetes mellitus, N (%) 1 (3)

Values are presented as mean (standard deviation)

unless otherwise stated. Abbreviations: N, number;

COPD, chronic obstructive pulmonary disease; OSA,

obstructive sleep apnea; CVD, cardiovascular disease;

GERD, gastroesophageal reflux disease; CKD, chronic

kidney disease.

Table 2. Lung cancer characteristics.

Type, N (%)
Adenocarcinoma 21 (72)
Squamous cell carcinoma 5 (17)
NUT carcinoma 2 (7)
NET 1 (3)

UICC classification, N (%)
IAI 4 (14)
IAII 9 (31)
IAIII 2 (7)
IIA 3 (10)
IBI 7 (24)
IIBI 4 (14)

Localization, N (%)
RUL 10 (35)
RML 1 (3)
RLL 6 (21)
LUL 9 (31)
LLL 3 (10)

Abbreviations: NET, lung neuroendocrine tumor;

UICC, Union internationale contre le cancer; RUL,

right upper lobe, RML, right middle lobe; RLL, right

lower lobe; LUL, left upper lobe; LLL left lover lobe.

3.3. Consistency of change in features
Consistency of change analysis was performed across
all patients for each feature of interest (table S1).
The analysis revealed the increasing features m/z
−95.98022 and −242.18428 and the decreasing fea-
tures m/z −117.0539 and 122.01998 with the highest
consistency scores (figures 3(A)–(D)).

Biological identification of these features
revealed m/z −242.18428 to potentially be 3-
Oxotetradecanoic acid and m/z −117.0539 to be
indole (table 3). No sum formula for m/z −95.98022
and m/z 122.01998 could be determined.

Figure 2. Volcano plot of high potential features. Each
point represents a feature. The x-axis is the mean of the log2

(fold-change) of a feature, the y-axis is the -log1◦ (p-value)
of the corresponding fold-change from one-sample’s t-test.
The vertical cut off is a two-fold change. The horizonal cut
off is q-value of 0.71 (or the corresponding p-value of
0.204). The orange points are the potential features of
interest, with a change in signal intensity more than
two-folds between pre- and post-surgery and a q-value for
multiple testing greater or equal to 0.71. The blue points are
considered noise or non-significant.

Figure 3. Change of (A)m/z =−117.0539 (B)
m/z =−95.98022 (C)m/z = 122.01998 (D)
m/z =−242.18428 intensity between visit 1 and visit 2. The
y-axis represents the min-max normalized log2

transformation of the visit 2 values subtracted by the visit 1
values. The transformation range is set between 0 and 1,
with negative values on the y-axis indicating a decrease in
value.

3.4. Principle component analysis (PCA)
PCA of the features of interest from the volcano plot
showed that the first two principal components (PC)
explain 34% of the variance (figure 4). Pre- and post-
surgery status cannot be differentiated by inclusion
of all features of interest. However, a main cluster can
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Table 3. Chemical compound identification.

Mass Change Sum formula Putative Molecule

−117.0539 Down [13C]C7H7N Indole
−95.98022 Up Not available
122.01998 Down Not available
−242.18428 UP [13C]C13H26O3 3-Oxotetradecanoic acid

Figure 4. Principal component analysis of lung cancer
patients using the highlighted features from the volcano
plot. The a-axis is the principle component 1 value, the
y-axis is the principle component 2 value. The number next
to each point shows the patient id. A primary cluster can be
seen, with two sub-clusters (top (methodologic) and
bottom left (patients with a second or recurrent tumor)).

be observed with two additional distinct clusters sep-
arated from the main cluster (Cluster 1 with patient
166, 165, 170, and 164; Cluster 2 with patient 001,
176, and 185). UICC classification and cancer type for
each patient are shown in table S2.

3.5. Power analysis
A post-hoc power analysis was conducted to determ-
ine the sample size needed to achieve statistical signi-
ficance for future studies. Therefore, a power analysis
plot was generated by computing the mean across all
515 features identified in the volcano plot analysis. It
revealed that a dataset comprising at least 120 patient
pairs is necessary to achieve a desired power level of
0.9 (figure S4).

4. Discussion

In this study, we were able to measure 154 breath fea-
tures that change upon lung cancer surgery and thus
may be related to lung cancer itself.

Detection of lung cancer poses a critical clin-
ical challenge, with HRCT, magnetic resonance ima-
ging (MRI), and positron emission tomography-
computed tomography (PET-CT) being the primary
imaging modalities used. Despite the fact that the
detection rate of curative lung cancer stages and the
sensitivity of used methods improved over the last
decade, there are still numerous challenges faced.
HRCT offers high resolution but struggles with dis-
tinguishing benign frommalignant lesions [17].MRI,
with its superior soft tissue contrast, faces challenges
in detecting smaller lesions, while PET-CT may yield
a substantial rate of false positive results due to under-
lying inflammatory processes. Furthermore, there
are challenges related to tumor heterogeneity, over-
diagnosis, motion artifacts, radiation exposure, costs,
accessibility, and the integration of multi-modal data
[18–20].

On-line mass spectrometry with SESI-HRMS
could be a promising method fulfilling the chal-
lenged points and might be implemented in clin-
ical practice improving early detection, precise dia-
gnosis, and ultimately, better patient outcomes. It is
non-invasive, real-time, and its high sensitivity and
specificity have already been shown in various dis-
eases such as chronic obstructive pulmonary disease
and breast cancer [21, 22]. The analysis of VOCs
seems to be promising since they emanate from can-
cer cells and their micro-environment and repres-
ent alterations in cell metabolism that lead to local
and systematical shifts in the production of VOCs.
Therefore, it seems reasonable to hypothesize that
these shifts could be detected in potentially cur-
ative cancer stages [23, 24]. Previous studies have
indeed established correlations between VOCs and
the pathophysiology of lung cancers [10, 23]. Wang
et al found 16VOCs in a targeted analysis during peri-
operative exhaled breath analysis in patients with lung
cancer with high-pressure photon ionization time-of-
flight mass spectrometry and validation confirmed
good performance [25]. In amulticenter,multi device
study including 575 subjects, Kort et al could distin-
guish patients with lung cancer from subjects without
lung cancer using an electronic nose, with an area
under the receiver-operating characteristic curve of
0.86 [26]. Despite decades of research, variability in
sample collection, testing conditions, and data ana-
lysis poses significant challenges among these studies
to the widespread adoption of exhaled breath analysis
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in clinical settings. However, SESI-MS shows great
potential in simplifying exhaled breath analysis pro-
cesses and enhancing the reliability of exhaled breath
analysis outcomes.

To our knowledge, this is the first study meas-
uring VOCs with untargeted exhaled breath ana-
lysis in lung cancer patients showing 515 features
with relevant alterations before and after surgery.
Of those features 154 are expected to be possibly
lung cancer related features. However, the sample
size is too low for identification of these 154 features
and exact biological interpretation remains challen-
ging. Therefore, consistency of change analysis was
used to identify features that display both relev-
ant changes and consistent patterns. It revealed m/z
−95.98022,m/z−242.18428,m/z−117.0539 andm/z
122.01998 as the most consistent features. Using a
specialized SESI-HRMSdatabase one can assume that
m/z −117.0539 is Indol. Indoles are products from
tryphtophan metabolism and important endogen-
ous ligands for the aryl hydrocarbon receptor (AhR),
enables AhR to go into the nucleus, where it combines
with the AhR nuclear translocator (Arnt). Together,
they attach to specific DNA sequences known as
xenobiotic response elements (XRE) in the regu-
latory areas of certain genes. These genes, particu-
larly those linked to dealing with foreign substances
(xenobiotics), get activated. Some of these genes are
responsible for producing enzymes that help break
down and eliminate potential carcinogens or toxins
[27, 28]. This is in line with our data since indol
was upregulated at baseline (before cancer surgery).
Over 90% of tryptophan degradation takes place
through the kynurenine pathway, where it under-
goes downstream metabolism into kynurenine, 3-
hydroxyanthranililic acid (3-HAA), quinolinic acid
(QA) and nicotineamide adenine dinucleotide [29].
Interestingly 3-HAA is reported to be increased in
non-small-cell lung cancer patients. This finding is
supported by our data, as we identified the precise
mass of 3-HAA and QA in both positive and negative
modes, observing [M + H]+ and [M-H]- adducts.
The intensities of 3-HAA exhibit an increase prior
to surgery and a subsequent decrease post-surgery,
aligning with previous research findings [30]. The
literature provides substantial evidence for the con-
nection between cancer and tryptophan metabolites
such as 3-HAA and QA. Both of these metabolites
have been reported to contribute to immune eva-
sion in lung cancer by inducing apoptosis in T-cells,
thereby promoting immune tolerance in cancer cells
[30, 31]. The feature with the mass m/z −242.18428
may well be 3-Oxotetradecanoic acid, a byproduct
of fatty acid oxidation, also known as beta-oxidation
[32]. Beta-oxidation is a fundamental process in cel-
lular metabolism, contributing to the efficient util-
ization of fatty acids for energy production. Cancer
cells, however, reactivate de-novo lipogenesis, which
removes their reliance on externally derived lipids and

allows them to proliferate at a faster rate. Our results
are in line with this mechanism, as the decrease in
beta-oxidation at baseline correlates with a reduction
in the levels of 3-Oxotetradecanoic acid in exhaled
breath, and these levels subsequently increase follow-
ing tumor removal [33].

PCA of all features of interest was performed
to identify the underlying structure of the data and
potential subgroups and outliers within the group
of patients. Although we were unable to differenti-
ate between pre- and post-surgery status it revealed
a primary cluster, with two notable sub-clusters (top
and bottom left) and one outlier situated at the
bottom right, distinctly separated from the primary
cluster (figure 4). It is remarkable that all patients
in the lower left cluster had developed a recurrent
or secondary lung cancer in the meantime, which
remained undetected in the initial diagnostic and
surgical procedures. Patients might already had have
secondary undetected lung cancer during the meas-
urements, recurring cancer following surgical resec-
tion, or tumor cells spread through the peripheral
blood as circulating tumor cells and therefore might
still be detected in exhaled breath [34]. The pattern
noticed in the upper sub-group and the outlier in
the lower right corner could be linked to methodolo-
gical factors, as they were all assessed during the same
month.

Although our results suggest a difference in
molecular breath pattern before and after lung can-
cer surgery, the differences did not reach statistical
significance due to the small sample size. Therefore,
we generated simulated datasets out of the present
study to determine the sample size needed to achieve
a power level of 90% that resulted in a sample size
of at least 120 patient pairs. Therefore, further stud-
ies with lager samples sizes are needed to confirm our
preliminary findings and identify the features with a
true positive change as relevant biomarkers for lung
cancer. In our study, we did not differentiate between
various cancer histologies and phenotypes, which
may have limited the findings. Therefore, a viable
approach could be to narrow the focus to specific his-
tological types and phenotypes in further research.
Another limitation is that we cannot conclude with
absolute certainty that none of the molecular changes
are related to the surgery itself. However, as we did
not observe any correlation over time, we assume no
direct impact of the surgery procedure. Furthermore,
as we observed no elevated inflammatory parameters
as markers of long-lasting processes released by sur-
gery, we do not conclude that the detected changes in
VOCs are linked to inflammation.

5. Conclusions

Our findings indicate a variance in the molecular
breath pattern before and after lung cancer surgery.
PCA reveal a cluster of patients with recurrent or
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secondary lung cancer, which remained undetec-
ted in the initial diagnostic and surgical proced-
ures. The further investigation of exhaled breath ana-
lysis in lung cancer patients is worthwhile, as our
findings have revealed that exhaled breath patterns
undergo alterations even in potentially curative stages
of lung cancer, offering promising possibilities for
early detection and improved clinical care.
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