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Lung cancer is one of the most common cancers in the world. Due to the limitations of current diagnostic
techniques and methods, most lung cancers are diagnosed at the advanced stage, which is not conducive to early
treatment. The rise of metabolomics has provided new ideas for the early diagnosis of lung cancer. As a method
for the comprehensive analysis of endogenous metabolites of the biological system, metabolomics has shown
significant application potential for the early diagnosis and individualized treatment of various cancers including
lung cancers. Via advanced analytical techniques and bioinformatics tools, the metabolome was excavated to

find biomarkers related to cancer and its prognosis. In this review, the research methods and workflow of
metabolomics are summarized, with an emphasis on the recent discovery of biomarkers and major metabolic

pathways for lung cancers.

1. Introduction

Cancer is a disease that threatens human life and health through the
malignant proliferation of cells. The risk factors for cancer mainly in-
clude aging, exposure to harmful environmental factors, and adverse
lifestyles [1]. Although researchers have studied cancer for decades, the
early diagnosis and detection of cancer and improvements in the sur-
vival time and quality of prognosis remain a major challenge. Lung
cancer is the most prevalent cancer in the world and is responsible for
1.3 million deaths annually. Lung cancer is also one of the deadliest
cancers due to difficulties in early detection, with a 5-year survival rate
of less than 15% [2]. Most patients in the early stages of lung cancer
have no obvious symptoms and signs, which decreases the possibility of
early diagnosis and treatment. The current diagnostic methods for lung
cancer are mainly through physical, biochemical, and histopathological
examinations. These traditional methods are used to determine the
stage, location, and metastasis of lung cancers, and provide a reliable
basis for further treatment [3]. However, they also have some limita-
tions, such as difficulties in early diagnosis, high cost of examination,
and unsuitability for screening in population [4]. Therefore, a new
method is urgently needed for early detection and to improve the
prognosis of lung cancer treatment.

Metabolomics is a new discipline following genomics and

proteomics that is an important part of systems biology. Since the mid-
1990s, metabolomics has developed and rapidly penetrated many
fields, such as diagnosis, drug research and development, nutrition,
food science, botany and toxicology, the environment, and human
health, which are all closely related to health care [5]. Metabolomics is
a relatively new member of the “omics” family, which aims to study
global metabolic differences in biological systems by monitoring the
levels of small molecular metabolites in biological fluids or tissues [6].

Metabolomics has recently been applied to the discovery of tumor
biomarkers for the diagnosis, treatment, and prevention of lung [7],
pancreatic [8], liver [9], breast [10], and prostate cancer [11]. Appli-
cation of metabolomics in lung cancer started around 2000. The main
research has included identifying the biomarkers for the early diagnosis
of lung cancer, predicting prognosis by comparing the changes in me-
tabolites before and after lung cancer surgery, discovering possible
metabolic pathways of lung cancer [12], and determining lung cancer
staging and chronic obstructive pulmonary disease [13]. These meta-
bolomics studies have demonstrated that there are indeed differences in
the metabolome between lung cancer patients and the control group,
and some reliable biomarkers and possible biological metabolic path-
ways for lung cancer diagnosis have been gradually discovered. Some
studies have shown that the lung cancer stage can also be determined
by measuring the changes in the metabolic group at different stages
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over the course of lung cancer. However, these methods have not yet
been applied in clinical practice, and more clinical studies are needed to
prove the accuracy and reliability of these metabolomics methods.

Sample types and analytical technologies are also important in the
study of the metabolomics for cancers. Current metabolomics samples
mainly include plasma, serum, urine, and tissue samples. Studies have
explored other biological samples such as sweat, exhaled breath con-
densate (EBC), bronchoalveolar lavage fluid (BALF), cerebrospinal fluid
(CSF), sputum, and more [14,15]. Compared with commonly used
samples, these non-invasive samples are not only less harmful to pa-
tients, but are also more accessible, which might represent the tendency
in the sample selection. As for analytical methods, frequently employed
nuclear magnetic resonance (NMR) [16], gas chromatography-mass
spectrometry (GC-MS) [17], and liquid chromatography-mass spec-
trometry (LC-MS) [18] technologies have both advantages and dis-
advantages during their applications.

This paper reviewed the metabolomics studies of lung cancer over
the past 10 years, mainly including the sample collection, storage and
preparation, instrumental analysis and data processing, and the po-
tential biomarker discovery and pathway analysis. Yearly published
literatures on the application of metabolomics in lung cancer research
over the past 10years are summarized in Fig. 1. The distribution of
often employed samples and methods are summarized in Fig. 2.

According to the previous studies [19-21], the metabolomics
workflow for the study of lung cancer generally includes the following
six steps: (1) study design, (2) sample collection and storage, (3) sample
preparation, (4) instrumental analysis, (5) data processing and analysis,
and (6) metabolite identification and pathway interpretation.

2. Study design

A good metabolomics study begins with a well-developed and reli-
able study design scheme to obtain a significant and credible result.
First, targeted or non-targeted metabolomics study should be decided,
different purposes present various methods. Targeted metabolomics
aimed to quantitatively determine a specific set of metabolites (for
example, amino acids, lipids, sugar, and/or fatty acids) and can analyze
the specific metabolic pathways to verify the use of targeted bio-
markers, which requires prior knowledge of the metabolites and known
compounds of interest. In contrast, the non-targeted metabolomics
method presented global analysis of metabolome, which was usually
used for biomarker discovery [22]. Both methods have their pros and
cons; non-targeted metabolomics generally provide more information,
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Fig. 1. The number of published studies on the application of metabolomics in
lung cancer research over the past 10 years.
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but targeted metabolomics are generally more quantitative.

Basic information about the subjects is also an important factor in
the study design, including data (age, gender, BMI, poor living habits,
and physical labor) and medical history (current illness, past illness,
and family genetic history). After information collection, the subjects
can be further clinically diagnosed to determine the disease and stage.
However, not all previous metabolomics studies of lung cancer provide
detailed information. For example, Chen et al. provided information
only on age, sex, and the stage of lung cancer without specific details.
Wikoff et al. provided information on age, sex, and baseline smoking
status, but was still not comprehensive enough. Lokhov et al. presented
more comprehensive information, including age, BMI, smoking history,
disease history, and the stage of lung cancer. Therefore, future studies
with more detailed information on the subjects should be considered in
the study design.

3. Sample collection and storage

Traditionally, plasma, serum, and urine were mainly the samples
employed for metabolomics studies of lung cancer because they reflect
an individual's global metabolic status and the collection processes are
minimally invasive [23]. However, these complex samples are easily
diluted by small metabolic changes from a specific part of the body. So
in these cases, according to the characteristics of lung cancer, sweat,
EBC, BALF, and sputum and saliva samples play important roles in the
metabolomics of lung cancer. Based on the metabolic complexity, col-
lecting multiple types of biological specimens at the same time is pre-
ferred, as they provide complementary metabolic information or cross-
validation results. The following will highlight the collection methods
for sweat and EBC samples. All of the other sample collection methods
are summarized in Table 1.

Sweat samples: the sweat collection system consists of a sweat in-
ducer and a sweat collector. The sweat inducer provides 1.5mA of
current strength for 5min through two guide gel discs located on the
forearm. The skin is then rinsed in the collector and distilled water to
cover the skin and collect sweat for 15 min [14]. Approximately 50 pul of
sweat is collected from each individual.

EBC samples: EBC sample collection employs a non-invasive method
to obtain non-volatile substances from the lungs. The principal com-
ponent is condensed through water evaporation, which can represent
nearly 99% of EBC samples [17]. In Wang's study, gas samples from the
ipsilateral lung and contralateral lung were collected before and after
tumor resection. A specially designed sample collection tube was in-
serted through the tracheal catheter and placed in the tracheal bi-
furcation. Approximately 10 ml of the gas is collected and injected into
the bottle to ensure that the gas collected is unilateral alveolar gas. All
of the gas samples should be processed within 3 h after collection [24].
Peralbo-Molina et al. used the ECOScreen 2 device to collect EBC
samples, which offers controlled collection of EBC into two separate
bags for physical separation between the air exhaled from the upper
breath and the lower breath and prevents saliva from contaminating the
gas [25]. Following the collection of fresh samples, they should be
immediately stored in a —80 °C or liquid nitrogen freezer.

4. Sample preparation

Sample preparation usually involves different methods according to
the type of samples, the metabolites of interest, and the analysis plat-
form used. Generally, for LC or GC analysis, the first step is to remove
the high-molecular-weight species by adding an organic solvent or
solvent mixture to precipitate these species followed by a centrifugation
step to separate the precipitate and the metabolite of interest. In ad-
dition, the sample purity is paramount, and no large particles should be
present in the samples. For NMR analysis, there is no such high re-
quirement for the sample preparation, so only a simple centrifugation
and separation operation is needed. Detailed sample preparation
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Serum 25%
Plasma 25%
Sputum  50%

Tissue 5%
Urine 20%
Serum 50%
Plasma 15%
Sweat 5%
Saliva 5%

= NMR
= LC-MS

Fig. 2. The distribution of employed samples and methods in metabolomics study of lung cancer over the past 10 years.

methods are shown in Table 1.

5. Instrumental analysis

Metabolomics studies based on NMR spectrum and mass spectro-
metry are both increasingly used to screen biomarkers for cancer.
Selecting a suitable platform largely depends on the specific samples to
be analyzed. GC-MS is widely used to evaluate small molecules, but
there is a lack of a widely adopted and validated method of metabo-
lomics based on high-throughput discovery, and the detectable com-
pounds are limited to the available compounds. In contrast, LC-MS
based metabolic profiling experiments have proved to be comparable
between different laboratories to reveal pathological metabolic differ-
ences in human samples, although these methods are currently under-
going verification [26]. Furthermore, LC-MS is very sensitive and al-
lows for highly specific multi-metabolic recognition at low
concentrations [27].

NMR spectroscopy provides a rapid, high-throughput, and re-
peatable method to measure metabolites with few sample preparation
steps. Currently, there are many applications, especially in the study of
metabolomics of lung cancer in plasma [28], serum [29], and urine
[30]. Compared with MS, NMR is less sensitive and requires more ex-
pensive instrumentation but provides unbiased metabolite detection,
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Tissue 31%
Urine 8%
Serum 31%
Plasma 23%

CSF 7%
Tissue 5%
Urine 14%
Serum 38%
Plasma 24%
EBC 14%
BALF 4%
= GC-MS
others

quantitative properties, and repeatability [31].

Due to the different advantages and limitations of NMR and MS
techniques, multiple complementary analysis platforms are often em-
ployed to maximize the use of samples to detect the relevant metabolic
spectrum. In addition, multiple analysis platforms can also conduct
metabolic elucidation and target quantification of the metabolites of
interest.

6. Data processing

With the development of analytical techniques, advanced bioinfor-
matics tools are needed to process, analyze, and interpret high-dimen-
sional metabolomics data from complex biological samples. Based on
the large and complicated data, many statistical methods are used, in-
cluding partial least squares discriminant analysis (PLS-DA), orthogonal
projection-potential structure analysis (OPLS-DA), principal component
analysis (PLA), clustering analysis, linear discriminant analysis, and
several other stoichiometric methods [32]. Different analytical instru-
ments produce raw data files in different formats; however, the data are
often processed with similar workflows, including noise filtering, peak
feature detection, spectral deconvolution, and chromatographic align-
ment. Furthermore, before data analysis, data preprocessing is a first
and important step. For example, standardization is used to eliminate

Table 1
Collection, storage, and preparation of samples.
Sample Collection Storage Preparation
Blood/plasma/serum - Collected in heparin tubes —-80°C - Centrifuged after thawing at 4°C
- Centrifuged - Add deuterium oxide (to lock)
- Add acetonitrile (for protein precipitation)
Urine - Collected in a sterile cup —-80°C - Centrifuged after thawing at 4°C
- Aliquots of approximately 1 ml were transferred into sterile cryovials - Remove cells and other precipitated material
- Add deuterated buffer to urine
BALF - Divided into 1 ml aliquots in Eppendorf tubes —-80°C - Add deuterium oxide to BALF
- Add methanol/chloroform extraction
CSF - Obtained during surgery -80°C - Add deuterium oxide to CSF
- Snap-frozen in liquid nitrogen
EBC - The device used for sampling directly collects —-80°C - Add deuterium oxide to EBC
- Condenses the EBC in disposable polyethylene bags at —20 °C
Tissue - Retrieved from surgical specimens —80°C - Add a few drops of deuterium oxide
- Snap-frozen in liquid nitrogen - Add saline and thaw cold tissue
- Add methanol/chloroform extraction to tissue
Sweat - Use the sweat inducer to collect sweat —-80°C - Add 0.1% formic acid to sweat

- The Macroduct collector covers the skin to collect sweat

- Transfer the sweat to micro tubes

- Add deuterium oxide to sweat
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urine sample differences, and data transformation and scale transform
are used to reduce the main metabolite bias at high concentrations. In
actual operations, care should be taken in processing the data, because
data preprocessing methods and execution sequences may significantly
affect statistical results, and improper processing may lead to the loss of
information. In addition, the screening and analysis of low concentra-
tions of metabolites and the isolation of coalition compounds remain
challenges of data processing. Therefore, robust and novel algorithms
need further development.

After processing, associated changes in the spectral regions in the
NMR spectrum or mass spectrum with specific metabolites should be
investigated. To achieve this, database searches are often used, such as
the Kyoto Encyclopedia of Genes and Genomes (KEGG) and the Human
Metabolome databases, among others.

7. Metabolite identification and pathway interpretation

Differential metabolite identification is a complex process in meta-
bolomics because the human metabolome has not been completely
elucidated. Experimentally characterized database data applied for
identification are not yet complete to reflect all known metabolites.
Metabolites detected by GC-MS are generally identified using mass
spectral libraries, such as the National Institute of Standards and
Technology, Environmental Protection Agency, and National Institutes
of Health, among others. For LC-MS, the accurate mass and molecular
formula can be searched in the METLIN and KEGG databases, among
others, to identify the metabolites. After a literature review, the po-
tential biomarkers for lung cancers are summarized in Table S1
[14,15,17-19,21,22,24,25,29,30,33-66], which is available in the
Supplementary Material. A total of 213 biomarkers were identified in
the previous studies. All of these potential biomarkers were further
analyzed by MetaboAnalyst for pathway interpretation to form the
overview of the pathway result. MetaboAnalyst consists of two parts,
enrichment analysis and extension analysis. The enrichment analysis

Clinica Chimica Acta 495 (2019) 436-445

results in the y-coordinate P value (take the negative common loga-
rithm, that is, —log10 P); the impact value of the abscissa is obtained
by the extension analysis. Each bubble in the bubble graph represents a
metabolic pathway, and the vertical position and color of the bubbles
represent the P value of the enrichment analysis. A darker color or
smaller P value represents a more significant enrichment degree. The
abscissa position and bubble size of the bubble represent the influence
factor size of this pathway in the topological analysis. The more sig-
nificant enrichment degree and the greater influence factor lead to the
higher credibility of the pathway. Based on the analysis results of Me-
taboAnalyst (Fig. 3), the three bubbles are relatively darker in color,
larger in size, smaller in P value, and greater in influence factor.
Therefore, we chose these three pathways for further discussion. The
three bubbles represent the valine, leucine, and isoleucine biosynthesis;
alanine, asparate, and glutamate metabolism; and glycine, serine, and
threonine metabolism pathways, respectively. We selected the most
representative biomarkers for discussion and summarized these bio-
markers in Table 2.

The first pathway is valine, leucine, and isoleucine biosynthesis as
shown in Fig. 4. Qin et al. [36] and Liu et al. [57] reported the con-
centration of valine in lung cancer patients was higher than that in
healthy controls. Valine is an essential amino acid involved in many
metabolic processes and is also a glucogenic amino acid for bio-
synthesizing macromolecules such as proteins and lipids, which are
essential for cancer cell growth. This may be why valine exhibited
higher content in the case groups than in the controls. Zhang et al.
reported that leucine and isoleucine concentrations in lung cancer pa-
tients were higher than in healthy controls. All three essential amino
acids, known as branched-chain amino acids (BCAAs), are involved in
stress, energy, and muscle metabolism with different metabolic path-
ways [67]. The BCAAs are involved in several cancers that regulate
various signaling pathways such as protein synthesis, lipid synthesis,
cell growth, and autophagy [68]. BCAAs are mainly decomposed in
skeletal muscle and have high transaminase activity. In addition, the
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Fig. 3. Summary of pathway analysis.
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Table 2

List of identified metabolite biomarkers for lung cancer diagnosis in pathways.
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Name Tissue Urine

Blood/serum/plasma CSF Sweat BALF Sputum

NMR GC-MS NMR GC-MS

LC-MS

NMR GC-MS LC-MS NMR LC-MS GC-MS FIE-MS

4-Methyl-2-oxopentanonte
Betaine
Creatine
Choline
Glycine
Glyceric acid
1-Alanine
L-Aspartic acid
L-Glutamine
1-Leucine
L-Isoleucine
L-Threonine

!

1-Valine
1-Cysteine
L-Glutamic acid
L-Tryptophan
1-Serine
Pyruvic acid

—_ = — —

!

Note: The upward arrows in the table indicate that the number of metabolites is increased compared with the control group, while the downward arrows indicate that

the number of metabolites is decreased compared with the control group.
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Fig. 4. Valine, leucine, and isoleucine biosynthesis.

catabolism of BCAAs plays an important role in amino acid synthesis
(such as glutamine and alanine) [69]. Therefore, the upregulation of
leucine and isoleucine in lung cancer patients can be explained by the
energy and proliferation requirements of the host and tumor. But the
maximum decrease in BCAA is often found in cancer cachexia [67]. In
addition, the upregulation of 4-methyl-2-oxopentanoate in this
pathway may be due to the upregulation of leucine. The increase in
pyruvic acid may be due to the decrease in the amount of that involving
the tricarboxylic acid cycle (TCA cycle).

The second pathway is alanine, asparate, and glutamate metabolism
as shown in Fig. 5. Zhang et al. reported that r-glutamine, r-glutamic,
and aspartic acid were higher in the circulation of lung cancer patients
than in healthy controls [22]. 1-glutamine is essential for cancer cell

440

proliferation and survival and is involved in the synthesis of metabo-
lism, proteins, lipids, and nucleotides. The demand for glutamine de-
pends on the energy requirements of cancer cells. Aspartic acid is one of
the most important intermediates in the oxidation of r-glutamine and is
an important metabolite of tumor cell energy metabolism. Glutamine
can be converted to aspartic acid, which forms oxaloacetate, malate,
and pyruvate via the TCA cycle [70,71]. First, the activity of malate-
aspartate shuttle cells depends on the concentration of aspartate in
certain tumor cell lines. Second, the purine nucleotide cycle is another
important energy metabolism pathway that may require a large amount
of aspartate in tumors. Aspartic acid continues to metabolize from t-
alanine and pyruvic acid, resulting in higher concentrations in lung
cancer patients than in healthy controls. Yong et al. also reported a
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higher level of alanine in the lung cancer group than in normal controls
[66]. Another possible reason for the increase in L-alanine and pyruvic
acid might be related to the Warburg effect. In the Warburg effect, a
large amount of pyruvate is produced by aerobic glycolysis, resulting in
an increase in pyruvate. Furthermore, a large amount of pyruvate is
further converted to alanine, causing an increase in alanine [72].
Therefore, the significant increase in 1-glutamine, 1-glutamic acid, and
aspartate observed in lung cancer tissues indicates that tumor cell en-
ergy metabolism may be significantly increased during malignant
tumor progression.

The last pathway is glycine, serine, and threonine metabolism as

L-Aspartic acid T

L-Aspartyl-4-
phosphate

shown in Fig. 6. This pathway focuses on the upregulation of choline.
Compounds containing choline are the major components of the cell
membrane, and the increase in these metabolites reflects cell death
(apoptosis or necrosis). Yokota et al. [73] reported that choline changes
can be an important parameter for the prognosis of small cell carcinoma
by in vitro 'H-NMR studies. Abnormal choline phospholipid metabo-
lism is associated with carcinogenesis and tumor progression. Changes
in choline phospholipid metabolism have been observed in many types
of cancer [74]. Choline is involved in the methylation reaction after
oxidation to betaine, which is not only required for the methionine/
homocysteine cycle, but also plays an important role in choline-
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Fig. 6. Glycine, serine, and threonine metabolism.



Y. Tang, et al.

mediated single carbon metabolism. Tumors typically exhibit altered
choline phospholipid metabolism characteristics compared to normal
tissues and are characterized by abnormally high levels of choline-
containing compounds. This suggests that choline might also be an
important biomarker for lung cancer diagnosis in the future. An et al.
reported tyrosine and tryptophan had a higher level in a lung cancer
group than in controls. The unusual increase in two essential aromatic
amino acids of tyrosine and tryptophan in urinary excretion might be
caused by the derangement of protein metabolism in cancer patients.
Hu et al. reported the level of glycine was lower in a lung cancer group
[29]. Glycine, a simple and non-essential amino acid, was involved in
the production of DNA, phospholipids, and collagen as well as the re-
lease of energy. Given that cancer cells reprogram their metabolisms
comprehensively, the decreased level of glycine in lung cancer patients
may be related to accelerated DNA synthesis. A decrease in creatine
may be caused by glycine downregulation.

8. Conclusion and perspective

Lung cancer is one of the most common cancers in the world.
However, the diagnostic techniques and methods still have significant
shortcomings. One of the major limitations in diagnosis is differ-
entiating the stage of lung cancer, as it is difficult to determine the stage
using current approaches. Therefore, the metabolomics method can be
used to study the stage of lung cancer by determining the changes in the
biomarkers in pneumonia, lung cancer, and other different degrees of
lung disease. Metabolomics is considered a powerful tool to identify
potential candidate biomarkers for early diagnosis, prognosis, and
treatment of lung cancer. According to multi-faceted studies of lung
cancer, the patient's survival rate and quality of life might be sig-
nificantly improved.

This paper reviewed the metabolomics workflow for lung cancer
biomarker discovery, which is summarized in Fig. 7. According to
previous reports, the metabolomics workflow for the study of lung
cancer can be summarized in six steps. Three highly credible metabolic
pathway diagrams were selected for the analysis, and upregulated
substances in these three pathways were closely related to the energy
metabolism and proliferation of lung cancer cells. The results suggest

[ Study design ]

( Sample collection and storage J

Sample preparation
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that these potential biomarkers might be useful for the early diagnosis
of lung cancer. However, for clinical application, these results are suf-
ficient. Many proof tests are necessary to verify these results.

The goal of metabolomics research is to identify markers that can
help distinguish between lung cancer and healthy patients, various lung
cancer types and stages, and also aid in tumor detection. This review
focused on potential metabolism-associated biomarkers that have been
identified as either upregulated or downregulated in lung cancer pa-
tients compared to healthy individuals. All of these potential bio-
markers were further analyzed by MetaboAnalyst for pathway inter-
pretation. Three significant pathways were noted: valine, leucine, and
isoleucine biosynthesis; alanine, asparate, and glutamate metabolism;
and glycine, serine, and threonine metabolism. Metabolites belonging
to these pathways, including valine, leucine, isoleucine, glutamine,
aspartic acid, alanine, pyruvic acid, choline, glycine, tyrosine, and
tryptophan, may help distinguish lung tumors from benign or chronic
lung diseases. These biomarkers also are indicative of subsequent pro-
gression toward cancer in patients with lung diseases.

To search biomarkers for lung cancer, many metabolomics studies
focus on determining the changes in small molecule metabolites, but
these changes will be influenced by many factors, including individual
differences, interaction of small molecules in the body or the environ-
ment, methods, sample collection, preparation, storage, experimental
process, data analysis, data description, and database standardization
[75,76]. Under the influence of these factors, the experimental data will
show significant differences, which is definitely not conducive to the
creation of comparable data in metabolomics research. Therefore, the
standardization of the whole process especially lung cancer metabo-
lomics experiments, data analyses, and reports are desperately needed
to make data from different metabolomics laboratories comparable,
which helps to ascertain more accurate biomarkers in a standard con-
dition. Limitations and challenges remain in many metabolomics stu-
dies of lung cancer, although metabolomics were widely used in lung
cancer research over the past decade. Different analytical techniques
have their own weaknesses and limitations in sensitivity, reproduci-
bility, or equipment costs. No matter which analytical method is used,
metabolomics research involves the following common problems
[77-80]: (1) Metabolomics is very sensitive to many internal and

* Establish criteria for selecting subjects

* Detailed clinical information was recorded

* Select the type of sample to be collected
* Select a collection method based on the sample

* Select a storage method according to the sample

* Different sample preparation methods vary

* The preparation process depends on the
analysis platform

Instrumental analysis

Data processing and analysis

* Depends on the purpose of the experiment

* Depends on the type of sample

* Choose sofeware for data processing

* Choose statistical analysis

[ Metabolite identification and pathway )
L interpretation

* Database and literature for biological
exploration

* Depends on clinical validation

Fig. 7. The workflow of metabolomics for lung cancer.
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external factors, and small differences may affect the metabolic profile.
Therefore, it is urgent to standardize experimental methods and data
analysis techniques. (2) The composition of metabolites in samples is
very complex, and it is currently impossible to accurately measure the
entire metabolome group with a single analysis. (3) Metabolomics
analysis produces a large amount of data, and it is difficult to use the
existing metabolite database to comprehensively identify all of the
changed metabolites. In addition, the mechanism of identified meta-
bolite changes is difficult to explain. (4) Although metabolomics is now
widely used to identify biomarkers in lung cancer, the number of pa-
tient samples is not enough to for the translation of these laboratory
achievements into clinical applications. (5) Moreover, the results fo-
cused mostly on the qualitative but not quantitative approach, which
also limits the clinical application of these markers.

Therefore, it is necessary to overcome the aforementioned limita-
tions and realize the standardization of metabolomics through the
continuous development of metabolomics research technology, which
will make the results of different studies more comparable and help
identify biomarkers. If metabolic biomarkers can successfully overcome
research and clinical barriers, they will help improve the diagnosis,
staging, prognosis, and treatment of many diseases. Metabolites are
important as potential biomarkers for several reasons. Metabolites un-
dergo earlier and more significant changes than genes or proteins, and
these changes can be measured in absolute terms, while changes in the
activity of genes and proteins differ from changes in concentration.
Metabolites can be distributed through biochemical pathways, which
can be explained biologically to enhance their significance. This ap-
proach has emerging potential either on its own or in combination with
other more mature “omics” technologies. Ideally, the combination of
genomic, proteomic, metabolomics, and microbiome markers could
provide an optimal panel of information to effectively diagnose and
successfully treat lung cancer patients.

Therefore, further studies of targeted metabolomics based on our
review should be conducted to assess the differences between the cases
and controls and to compare the metabolomics variations between
patients with different lung cancer grades.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.cca.2019.05.012.
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