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Abstract

cancer diagnosis.

screening

Early diagnosis and treatment are critical for improving the survival of patients with lung cancer, which is the lead-

ing cause of cancer-related deaths worldwide. In this study, we investigated whether the metabolomics analysis of
exhaled breath condensate (EBC) from patients with lung cancer can provide biomarkers that can be used for nonin-
vasive screening for lung cancer diagnosis. EBC samples obtained from patients with lung cancer (n=20) and healthy
individuals (n=5) were subjected to high-resolution metabolomics (HRM) using liquid chromatography—-mass spec-
trometry (LC-MS). Univariate analysis, with a false discovery rate (FDR), g =0.05, and hierarchical clustering analysis
were performed to discover significantly different metabolites between the healthy controls and patients with lung
cancer. This was followed by the identification of the metabolites using the METLIN database. Pathway analysis based
on the identified metabolites revealed that arachidonic acid (AA) metabolism was the most significantly affected
pathway. Finally, 5-hydroxyicosatetraenoic acid (HETE) (m/z 343.2233, [M+Na]™), a metabolite involved in AA metabo-
lism, was found to be significantly higher in patients with lung cancer than in healthy counterparts. Our finding sug-
gested that the HRM of EBC samples is a useful approach for identifying biomarkers for noninvasive screening for lung
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Introduction

Over the past four decades, cancer has been reported as a
leading cause of morbidity and mortality in South Korea,
with an estimated 210,000 new cases recorded annually
and a mortality rate of 1 out 4 (Jung et al. 2015). Further,
the number of deaths caused by lung cancer in South
Korea increased continuously between 1983 and 2018
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(Shin et al. 2020), and despite the development of several
newly discovered anti-cancer drugs, lung cancer remains
the leading cause of cancer-related deaths worldwide.
Therefore, given the high lethality rate of lung cancer,
there is a serious need for the development of diagnostic
and prognostic tools for its detection at early stages.

A chest radiograph is one of the traditional tools that
is used for the diagnosis of lung cancer; however, it
does not offer the possibility to detect early-stage lung
cancer or reduce lung cancer mortality (Oken et al.
2011; Spiro and Silvestri 2005). Further, positron emis-
sion tomography and computed tomography (PET/
CT) is currently a valuable clinical oncological tool
that is used in all aspects of cancer diagnosis, staging,
and treatment. However, PET/CT is very expensive,
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and is associated with the risk of radiation exposure
(Griffeth 2005; Saif et al. 2010; Spiro and Silvestri
2005). Furthermore, PET/CT has provided a false-neg-
ative finding for a lung cancer tumor with size less
than 1 cm (Schrevens et al. 2004). Therefore, the iden-
tification of biomarkers is the best alternative for the
early diagnosis of lung cancer and the monitoring of
patients’ prognosis.

Biomarkers are defined as cellular, biochemical, or
molecular alterations that are measurable in biologi-
cal media, such as tissues, cells, or fluids (Hulka and
Wilcosky 1988). These biomarkers can be used for the
diagnosis and prediction of the progression as well as
the treatment outcomes of a disease in clinical prac-
tice (Mayeux 2004). Samples that can be used in this
regard in relation to the lungs include bronchoal-
veolar lavage (BAL), sputum, peripheral blood, urine,
exhaled breath gases, and exhaled breath condensate
(EBC) (Grob et al. 2008). Further, specific diagnostic
methods, such as BAL or bronchoscopy, with bron-
chial biopsy provide direct information about local
airway inflammation. However, these procedures are
unacceptable for routine practice as they are invasive.
Although some methods, including the collection of
peripheral blood or serum, are quick and minimally
invasive, serum indicators may not always accurately
reflect local airway inflammation. Exhaled breath is
mainly analyzed via gas chromatography/mass spec-
trometry, which has a limitation that it offers the pos-
sibility to only analyze volatile organic compounds
(Nardi-Agmon et al. 2016). EBC is a promising source
of biomarkers for the detection of lung diseases (Davis
et al. 2012) given that it contains various compounds
that provide information regarding the physiologic and
pathologic processes in the lungs (Hunt 2002). Fur-
ther, as EBC contains both volatile and non-volatile
compounds, including polypeptides, proteins, nucleic
acids, and lipid mediators, it is more suitable for analy-
sis aimed at discovering novel biomarkers compared to
other sample types (Condensate 2006; Grob et al. 2008;
Kuban and Foret 2013). Additionally, the collection of
EBC is noninvasive and easy, and it is very useful as a
sample for developing self-diagnostic kits.

To discover compounds that are of significance for
the noninvasive diagnosis of lung cancer, we performed
metabolome analysis on EBC samples using LC-MS.
Significant metabolite features were selected and path-
way analysis was performed. Thus, 5-hydroxyicosa-
tetraenoic acid (HETE) (m/z 343.2233, [M+Na]™),
one of metabolites associated with the most signifi-
cantly affected pathway in lung cancer, showed poten-
tial as a biomarker for lung cancer diagnosis.
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Materials and methods

Study population

The Korea University Guro Hospital Institutional review
board (KUGH14273) approved this study, and informed
consent was obtained from all the participants (patients
and healthy individuals). A total of 25 human EBC sam-
ples were obtained from this institution, including five
samples from healthy volunteers and 20 samples from
patients with lung cancer. Details, such as age, height,
weight, and body mass index (BMI) are provided in
Table 1. From this table, it is evident that there were no
significant differences between the patients with lung
cancer and the health controls with respect to age, height,
weight, and BMI (p > 0.05).

Sample collection

The EBC samples from patients with lung cancer or
healthy volunteers were collected using an R-Tube, which
is a sample collection device that offers the possibility to
gather breath condensate in a transportable and mailable
cartridge (http://respiratoryresearch.com/rtube/). Sam-
pling was performed using a disposable 22 cm x 2.6 cm
R-tube (Respiratory Research, Inc., Austin, TX, USA)
encased in an aluminum cooling sleeve that was pre-
cooled to—80 °C for at least 2 h prior to use to enable
breath condensation. The subjects breathed normally
through the mouthpiece for 10 min. The collection of
EBC was done by closing both ends of the mouthpiece
upon completion (Konstantinidi et al. 2015). Next, the
samples were immediately stored at—80 °C to prevent
degradation (Carter et al. 2012), and prior to analysis via
LC/MS, the thawed EBC in the R-tubes were extracted
using the plunger and immediately transferred into sam-
ple vials.

Sample preparation and untargeted analysis

via Quadrupole Time-of-Flight (Q-TOF) mass spectrometry
Briefly, 50-puL aliquots of the samples were first treated
with 200 pL of acetonitrile followed by centrifugation

Table 1 Human EBC samples and their clinical data

Group characteristics Healthy controls Patients
with lung
cancer

Number of subjects 5 20

Sex (Male/female) 3/2 13/7

Age* 574+77 66.8+6.8

Height (cm) * 164.4+£8.73 158.244+9.19

Weight (kg) * 61.8+8.59 59.00+£11.93

BMI (kg/mz) * 229429 2394481

* Mean = Standard Deviation (SD)


http://respiratoryresearch.com/rtube/

Bang et al. Journal of Analytical Science and Technology (2022) 13:37

at 14,000 x g for 5 min at 4 °C for protein precipitation
(Johnson et al. 2010). Next, the supernatant was ana-
lyzed using an ultra-performance liquid chromatogra-
phy system (Agilent 1260 Infinity Quaternary, Agilent,
Santa Clara, CA, USA) coupled with a Q-TOF mass
spectrometry system (Agilent Q-TOF 6550, Agilent,
Santa Clara, CA, USA). The analyses were performed
in triplicates. The electrospray interface was operated
in the positive ion mode. Further, the analysis condi-
tions were set as follows: gas temperature, 250 °C; dry-
ing gas flow rate, 14 mL/min; nebulizer pressure, 35
psi; sheath gas temperature, 250 °C; and sheath gas flow
rate, 11 mL/min (Lozano et al. 2012). Mobile phase A
consisted of 0.1% formic acid in water (HPLC grade,
Tedia, USA), and mobile phase B was 0.1% formic acid
in acetonitrile (HPLC grade, Tedia, USA). The gradient
was programmed as follows: 0—1 min, 5% (B); 1-9 min,
gradient consistent to 5% (B); 9-12 min, hold at 45%
(B); 12-13.5 min, 90% (B); and 13.5-13.6 min, hold at
5% (B) at a flow rate of 4 mL/min (He et al. 2016). Five
microliters of each sample was first separated chroma-
tographically using a Hypersil GOLD aQ C18 column
(100 mm x 2.1 mm ID; 1.9 pm particle size, Thermo Sci-
entific, USA) and the column heater was maintained at a
temperature of 30 C.

Extraction of raw data and metabolic profiling

via multivariate statistical analysis

Data were collected in triplicates over the 15 min elution
time, and processed for the quantification of ion intensi-
ties using the R package, apLCMS, which covers a range
of 50 to 1000 m/z and has a resolution of 20,000. Each
feature from the triplicate LC-MS data was subsequently
analyzed for m/z, retention time, and intensity. Manhat-
tan plots were generated via bioinformatics multivari-
ate analysis, and false discovery rates (FDRs) (Benjamini
et al. 2001) were used to determine the significantly dif-
ferent features between the healthy controls and patients
with lung cancer. Further, the R package, Limma, which
originally, was used for the analysis of gene expression
data arising from microarray or RNA-Seq technologies
and was used in this study to compare the spectral inten-
sities corresponding to all m/z values between healthy
controls and patients (Neujahr et al. 2014; Park et al.
2015). Manhattan plots were used to visualize p values so
as to compare the intensities of the features between the
two groups after the triplicate intensities were averaged,
log2 transformed, and normalized via z-transformation.
The significant features obtained from the Manhattan
plot were then discriminated into two groups via two-
way hierarchical cluster analysis (HCA) (Uppal et al.
2013). The HCA was based on the developed agglom-
erative clustering method, and it revealed significant m/z

Page 3 of 8

values and sample hierarchies, with each cluster branch
comprising similar groups that can be used to differenti-
ate between the m/z values corresponding to the healthy
controls and patients with lung cancer (Zurauskiene and
Yau 2016). Manhattan plots and HCA analysis were per-
formed using xmsPANDA package.

Data annotation and pathway analysis

The significant features were annotated based on m/z
values, name, formula, and Kyoto Encyclopedia of Genes
and Genomes (KEGG) ID using the METLIN metabolite
database. An m/z error tolerance value of =20 ppm was
used. Further, pathway analysis was performed based on
KEGG, and the given KEGG ID was used to map the fea-
tures on the KEGG pathway. Furthermore, detected fea-
tures in KEGG were queried into the human metabolic
pathway (Ogata et al. 1998) and MetaboAnalyst (http://
www.metaboanalyst.ca), and the detected features that
matched known human intermediary metabolites were
then presented as black dots in a map. MetaboAnalyst
pathway topological analysis uses relative centrality and
outdegree centrality values to calculate the importance of
each compound. Additionally, the sum of the importance
measures of all the metabolites in each pathway yielded
the pathway impact as the sum of the importance meas-
ures matching the normalized metabolites. Using Meta-
boAnalyst, a number of univariate analyses, including
t test were performed at the compound level to provide
a detailed view of the distribution of the concentrations
of the individual metabolites with regard to phenotypes
(Xia et al. 2011). In this study, after searching the MET-
LIN database, the KEGG number was applied to the
pathway analysis in MetaboAnalyst. Thus, we obtained
an overview of the pathway as well as detail informa-
tion regarding the pathway. Additionally, significant fea-
tures were catalogued for specificity and accuracy using
a receiver operating characteristic (ROC) curve obtained
using MedCalc software. (Schoonjans et al. 1995).

Results and discussion

Metabolomics-wide associated study (MWAS)

Figure 1 presented the scheme showing the experi-
mental procedure. Metabolites were extracted from
each EBC sample and followed by the analysis using
high-resolution LC-MS. Then, a MWAS and pathway
analysis were conducted to identify potential lung can-
cer biomarkers. Metabolomics differences between the
healthy controls and patients with lung cancer were
determined by generating a Manhattan plot, which
utilizes statistical tests to select significantly different
metabolites between cancer patients relative to healthy
controls. In the Manhattan plot, the x-axis represents
the m/z range (50-1000), while the y-axis represents
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Fig. 1 Scheme showing the experimental procedure

the —loglO value of the raw p-value, and the dashed Pathway analysis using KEGG and MetaboAnalyst

line represents the FDR significant level. Therefore, any  Significant features were annotated in the METLIN
m/z above this line was significantly different for the database considering positive ion adducts within a mass
patients and controls at FDR, q=0.05. Thus, comparing accuracy of 20 ppm. After METLIN data processing,
the healthy controls (n=5) and the patients with lung the KEGG numbers of the identified metabolites were
cancer (n=25), a total of 344 significantly different obtained and applied to the human metabolic KEGG
features were observed (green dots in Fig. 2a). Further, pathway analysis as well as MetaboAnalyst.

two-way HCA (Fig. 2b) showed clearly divided metabo- KEGG pathway analysis showed 89 significant features
lite expression into two branches, one for the controls indicated by the black dots in Fig. 3. From this figure, it
(red bar) and the other for the patients with lung cancer =~ was evident that the most affected KEGG pathway was

(green bar). arachidonic acid (AA) metabolism, with 19 hits followed
St Red : Control
a b d Green : Lung Cancer patients
. : l_'—J
= . 42024
0 Value

-logP

Fig. 2 Manhattan plot and hierarchical cluster analysis (HCA) plot. A Manhattan plot. The blue dotted line corresponds to q=0.05 comparing
the healthy controls (n=5) with patients with lung cancer (n=20), while the green dots above the blue line represent significantly different
compounds. B HCA analysis using significantly different features between the healthy controls (Red) and patients with lung cancer (Green)
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Table 2 Top 9 affected KEGG pathways with five and more
compound hits

Table 3 Pathway analysis with 89
metabolites using MetaboAnalyst

significantly  different

Top 9 affected KEGG pathways Compound

hits

e}

Arachidonic acid metabolism

Glycerophospholipid metabolism

Ubiguinone and other terpenoid quinone biosynthesis
Tyrosine metabolism

Inflammatory mediator regulation of TRP channels

Bile secretion

Serotonergic synapse

Sphingolipid metabolism

v U O O O O NN =

Phenylalanine metabolism

by glycerophospholipid metabolism with 7 hits (Table 2
and Fig. 3).

Next, via MetaboAnalyst, we obtained potential tar-
get pathways with pathway impact values calculated
via pathway topology analysis. The impact values of AA
metabolism, limonene and pinene degradation, sphin-
golipid metabolism, and lysine biosynthesis were 0.153,
0.224, 0.324, and 0.209, and their —log(p) values were
3.004, 2.608, 1.852, and 0.304, respectively, as shown in
Table 3 and Fig. 4.

Pathway analysis using KEGG and MetaboAnalyst
commonly showed that AA metabolism was the most

Pathway Name Total Hits —log(p) Impact
Arachidonic acid metabolism 62 12 3.004 0.153
Limonene and pine degradation 59 11 2.608 0.224
Sphingolipid metabolism 59 11 1.852 0.324
Lysine biosynthesis 32 3 0.304 0.209

affected pathway, with the highest number of hits in the
HRM of EBC from health controls and patients with lung
cancer. AA is a long-chain polyunsaturated fatty acid
present in cell membranes. Its metabolism by cyclooxy-
genase and lipoxygenase generates eicosanoids, such as
prostaglandins, thromboxanes, and leukotrienes, which
are primarily pro-inflammatory and promote carcino-
genesis by modulating tumor cell proliferation, differen-
tiation, apoptosis, and angiogenesis (Larsson et al. 2004).
Since the AA metabolism pathway produces a variety of
bioactive metabolites, it has been addressed as impor-
tant in various diseases, including cancer and inflamma-
tion (Tapiero et al. 2002). Studies on the mechanisms and
biology of lung cancer have suggested that the metabo-
lites including prostanoids, leukotrienes (LTs), epoxyei-
cosatrienoic acids (EETs), dihydroxyeicosatetraenoic acid
(diHETES), eicosatetraenoic acids (ETEs), and lipoxins
(LXs) of AA metabolism could play an important role in
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Fig. 5 Bar graph of intensities of 5-HETE (m/z 343.2233, [M+Na]™) in
EBC samples from healthy controls and patients with lung cancer. (p
values <0.05)

lung cancer pathogenesis (Stearman et al. 2007; Wang
et al. 2021).

Identification of novel biomarker and ROC curve

We noted that among the metabolites involved in AA
metabolism, 5-hydroxyicosatetraenoic (HETE) showed
a higher level in patients with lung cancer than in the
healthy controls (Fig. 5). In our high-resolution LC-
MS analysis, the compounds expected to be 5-HETE
were detected in 20 out of 25 EBC samples with average
molecular ion at m/z 343.2233 and average retention time

at 11.77 min. The molecular weight was identified within
3.2 ppm mass tolerance to theoretical molecular weight
of 5-HETE of [M+Na] © (m/z 343.2244). When com-
pared with LC—MS analysis results of 5-HETE standards,
it gave the identical results as the compounds detected
in EBC samples with difference of 0.6 min retention time
and 2.0 ppm mass tolerance (Additional file 1: Fig. S1).

A previous study (Liu et al. 2014) revealed that
5-HETE, 11-HETE, 12-HETE, and 15-HETE are 1.8- to
3.3-fold higher in sera samples from patients with lung
cancer than in samples from healthy individuals.

5-HETE has been identified as a biologically important
and active lipid compound that plays a role in the patho-
genesis of human lung cancer, and blocking its biosynthe-
sis significantly inhibits the proliferation of epithelial lung
cancer cells in vitro and in vivo (Avis et al. 1996; Hong
et al. 1999; Paige et al. 2009). It has also been reported
that 5-HETE plays a role in promoting the growth of
prostate, breast, and pancreatic cancer cells. (Avis et al.
2001; Ding et al. 2003; Ghosh and Myers 1998).

Figure 6 shows the ROC curve of 5-HETE, highlight-
ing it as potential biomarker compound for lung cancer
diagnosis. The area under the curve (AUC) of the ROC
curve, sensitivity, and specificity were 0.633, 45%, and
87%, respectively. Although the sensitivity was relatively
low, PSA, a prostate cancer biomarker currently used in
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Fig. 6 Receiver operating characteristic (ROC) curves for 5-HETE
(m/z 343.2233, [M+Na]™) as potential biomarker for distinguishing
healthy controls and patients with lung cancer. The x-axis represents
100-specificity, while the y-axis represents sensitivity

the clinic, also presents a similar level of sensitivity and
specificity of 45% and 91%, respectively (Polanski and
Anderson 2006).

Conclusion

To develop biomarkers for noninvasive screening for
lung cancer diagnosis, we performed metabolomics
analysis on EBC. Thus, we observed significant metabo-
lites that discriminated healthy controls and patients
with lung cancer and identified AA metabolism as the
most affected pathway. Our results also showed that the
level of 5-HETE, one of the metabolites involved in the
AA metabolism pathway, was significantly increased in
patients with lung cancer patients compared with its level
in samples from healthy controls. Further, as a biomarker
of lung cancer, 5-HETE showed an AUC value (ROC) of
0.633 and a specificity of 86.67.

Given that our analysis involved a limited number of
samples, additional experiments are required to vali-
date these results regarding the usefulness of 5-HETE.
Nevertheless, our results showed that EBC is a useful
noninvasive clinical sample for biomarker discovery in
lung disease and that metabolite analysis is an efficient
approach for biomarker discovery.

Abbreviations

HRM: High-resolution metabolomics; EBC: Exhaled breath condensate; LC-MS:
Liquid chromatography-mass spectrometry; FDR: False discovery rate; HCA:
Hierarchical clustering analysis; AA: Arachidonic acid; HETE: 5-Hydroxyicosa-
tetraenoic acid; PET/CT: Positron emission tomography/computed tomogra-
phy; BMI: Body mass index; KEGG: Kyoto encyclopedia of genes and genomes;
ROC curves: Receiver operating characteristic curves; AUC: Area under the
curve.
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