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Discovery of potential therapeutic targets for non-
small cell lung cancer using high-throughput
metabolomics analysis based on liquid
chromatography coupled with tandem mass
spectrometry

Hong-dan Xu,® Wen Luo,® Yuanlong Lin,¢ Jiawen Zhang,® Lijuan Zhang,®
Wei Zhang @ *® and Shu-ming Huang*®

Lung cancer is a severe health problem and threatens a patient's quality of life. The metabolites present in
biological systems are expected to be key mediators and the changes in these metabolites play an important
role in promoting health. Metabolomics can unravel the global metabolic changes and identify significant
biological pathways involved in disease development. However, the role of metabolites in lung cancer is still
largely unknown. In the present study, we developed a liquid chromatography coupled with tandem mass
spectrometry method for biomarker discovery and identification of non-small cell lung cancer (NSCLC) from
metabolomics data sets and aimed to investigate the metabolic profiles of NSCLC samples to identify potential
disease biomarkers and to reveal the pathological mechanism. After cell metabolite extraction, the metabolic
changes in NSCLC cells were characterized and targeted metabolite analysis was adopted to offer a novel
opportunity to probe into the relationship between differentially regulated cell metabolites and NSCLC.
Quantitative analysis of key enzymes in the disturbed pathways by proteomics was employed to verify
metabolomic pathway changes. A total of 13 specific biomarkers were identified in NSCLC cells related with
metabolic disturbance of NSCLC morbidity, which were involved in 4 vital pathways, namely glycine, serine and
threonine metabolism, aminoacyl-tRNA biosynthesis, tyrosine metabolism and sphingolipid metabolism. The
proteomics analysis illustrated the obvious fluctuation of the expression of the key enzymes in these pathways,
including the downregulation of 3-phosphoglycerate dehydrogenase, phosphoserine phosphatase, tyrosinase
and argininosuccinic acid catenase. NSCLC occurrence is mainly related to amino acid and fatty acid metabolic
alteration. These findings highlight that the metabolome can provide information on the molecular profiles of
cells, which can aid in investigating the metabolite changes to reveal the pathological mechanism.

characterized by cellular growth in an abnormal state.'”
Although early diagnosis can improve the survival rates of

With the increase in the risk-factors for cancer, such as age,
exposure to environmental carcinogens and unhealthy lifestyle,
cancer has become a murderous killer that threatens life, in
spite of decades of medical research, and is obviously
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patients, most individuals at risk are not effectively discovered
until advanced stages due to the lack of sensitive early screening
examinations, late-stage diagnosis and the metastatic behavior
of tumors.* Cancer patients are looking forward to emerging
diagnostic techniques and methods. Lung cancer is the main
cause of cancer-related death all over the world. Compared with
other histological kinds of lung cancer, non-small cell lung
cancer (NSCLC) has received less attention but accounts for
approximately 85% to 90% of lung cancers.>® Prognostic
measures for NSCLC are lacking on account of its higher
metastatic potential and chemoresistance upon relapse. During
the past few decades, the therapeutic schedule of NSCLC and
the survival ratio of this illness have not distinctly improved. By
combining radiotherapy and chemotherapy in the early stages,
the effective rate of patient treatment is approximately 45-80%;
however, almost all patients will relapse within half a year to
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one year.” In addition, the genetic variability of NSCLC leads to
limitations in the study of molecular targeted drugs, unlike in
small cell lung cancer (SCLC).?

Compared with normal cells, cancer cells exhibit the ability to
alter their metabolic pathways to allow them to persistently survive
in the pathological body and increase their energy requirements to
support them to grow and reproduce.” In recent years, metab-
olomic studies of cancer have become more and more popular,
because the metabolome is a relatively more conserved trait than
genomic or transcriptomic sequences.'® Cancer cells not only
acquire energy from glycolysis in the presence of oxygen, but also
use glutamine as a dominant source of energy.'* Now,
a comprehensive understanding of the underlying metabolic
alterations in NSCLC is urgently required to identify the distinct
metabolic features of NSCLC and seek novel drug targets and
biomarkers for prevention, diagnosis and therapy.

Metabolomics, a rapidly emerging field in the omics area, is
focused on the qualitative and quantitative analysis of low-
molecular weight metabolites in biofluids, tissues, and cells at
a specified time in specific environmental conditions.*® It has
become a complementary method to genomics and proteomics,
and provides valuable information on small-molecule metabo-
lites and the signaling pathways in various biological
processes.** Metabolomic approaches have been applied to lung
cancer to identify cancer biomarkers and metabolic pathways
associated with tumor progression.'>'® Using high-throughput
techniques such as nuclear magnetic resonance, high-
performance liquid chromatography/mass spectrometry and
gas chromatography/MS, fundamental analysis is performed to
build a chemical fingerprint of the samples and screen for
biomarkers. Then, metabolomics increases the possibility of
the validation of candidate biomarkers associated with cancer
in validation studies as a more precise selection tool, which
promotes researchers to apply metabolomics data to obtain the
biological nature of diseases."” Targeted metabolomics involves
the quantitative measurement of specific metabolites such as
amino acids, lipids, sugars and fatty acids, to detect specific
metabolic pathways of diseases or to verify differentiated
metabolites identified by non-targeted metabolic profiling. By
comparison, non-targeted metabolomics refers to global
coverage analysis of the metabolome in a hypothesis-generating
condition.’*® Because of the lack of access to primary tumor
model material, cancer cell lines, which are simple and direct
experimental models carrying highly relevant information
about metabolic reprogramming in cells, are especially vital to
NSCLC research.”® The aim of this study was to employ
comparative metabolomics analysis in control and cancer cell
groups to illuminate the pathological mechanism of non-small
cell lung cancer by UPLC-MS and targeted metabolite analysis.
The general flow chart of this study based on high-throughput
metabolic analysis coupled with proteomics is shown in Fig. 1.

Experiments and methods
Reagents and materials

HPLC grade methanol and acetonitrile were purchased from
Fischer Scientific Co. (Pittsburgh, PA, USA). Distilled water,
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used for preparing all of the aqueous solutions and mobile
phase, was obtained from Watson's Food & Beverage Co. Ltd
(Guangzhou, China). Formic acid, ammonium hydroxide and
leucine enkephalin were obtained from Sigma-Aldrich (St.
Louis, MO, USA). Cell culture reagents RPMI1640 and phos-
phate buffer saline (PBS) were obtained from Gibco Laborato-
ries (Grand Island, USA). A Pierce™ Mass Spec Sample Prep Kit
for Cultured Cells and a BCA Protein Assay Kit were purchased
from Amresco Limited-Liability Company (Houston, USA).
Standards of key enzymes in the study were purchased from
Tianjin Chemical Reagent Co. (Tianjin, China).

Cell culture

The cell lines, including normal human bronchial epithelial
cells (HBEC) and human non-small cell lung cancer cells (NCI-
H1975), were obtained from the JRDUN Cell Culture Collection
(Shanghai, China). The cells lines were cultured in RPMI-1640
solution containing 10% fetal bovine serum, 110 U mL™'
penicillin, and 110 pg mL " streptomycin and maintained in an
incubator at 37 °C with 5% CO,. The cells were collected when
the cell density reached up to 80-90%, and then they were
washed with PBS and digested with 0.3% trypsin containing
0.01% EDTA. After continuous cultivation, the logarithmic
phase of the cells was applied for metabolomic analysis.

Sample preparation

Each type of cell line was collected in the logarithmic phase.
Eight replicate samples were prepared for the two kinds of cells,
and the number of cells is approximately 1 million (SD#10%) for
each replication. Firstly, the redundant culture medium was
removed using a pipette and the cells were digested with 4 mL
of 0.3% trypsin. The collected cells were then deposited into
a 5 mL clean centrifuge tube and centrifuged for 10 min at 4 °C
(800 x g), and the supernatant was removed. 500 pL of extrac-
tion buffer containing methanol and water (50 : 50, v/v) was
then added to the centrifuge tube. The mixture was centrifuged
at 15 000 x g for 15 min at 4 °C after ice incubation for 10 min.
200 pL of the supernatant was dried with nitrogen gas and
stored at —80 °C in a hermetically sealed container until
metabolomic analysis.

UPLC-MS analysis

Global cell metabolite profiling was conducted using a high-
resolution, accurate quadrupole-time-of-flight mass spectrom-
eter (5500 Q-TRAP, AB SCIEX, USA) equipped with an ESI ion
source that operates in positive ionization mode (ESI+) and
negative ionization mode (ESI-) at 50-1000 m/z in full scan
mode coupled to a UPLC UltiMate 3000 (Dionex Corporation,
Sunnyvale, CA, USA). The chromatographic separation of the
samples was performed by a 2.1 x 100 mm C18 reverse-phase
column with a 1.8 pm particle size (Waters Corp., Milford,
MA, USA) after they were redissolved in 100 pL of extraction
buffer. The column was maintained at 35 °C; the injected
sample volume was 5 pL. The flow rate was maintained at 0.4
mL min~". The optimized mobile phase was as follows: 90%
water + 10% acetonitrile + 15 uM ammonium hydroxide, pH 9.0

This journal is © The Royal Society of Chemistry 2019
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Fig. 1 A general flow chart of this study based on high-throughput metabolic analysis coupled with proteomics.

(A) and 100% acetonitrile (B). The UPLC gradient program was
0-2 min 100% A, 2-4 min linear from 100 to 70% A, 4-8 min
linear from 70 to 30% A, 8-10 min linear from 30 to 100% A, and
10-12 min 100% A. Mass spectrometry (MS) was performed in
multiple reaction monitoring mode at a mass range of 70-1000
m/z with positive and negative ionization. The measurement
conditions were set as follows: capillary voltage, 4.0 kV; cone
voltage, 45 kV; ion source temperature, 120 °C; and vaporizer
temperature, 300 °C. During the course of the sequence of
analyses, QC samples containing most of the components of the
whole cell samples, including the NSCLC and control groups,
were injected six times to ensure the stability and consistent
performance of the analytical system. Nitrogen was utilized as
the nebulizer gas and desolvation gas at a flow rate of 45 L h™*
and 600 L h™*, respectively.

Method validation

The precision of the method was evaluated using one QC
sample with six replicate injections. The repeatability of the
method was investigated by analyzing six replicate solutions.
The stability of the analytes was tested by analyzing the solution
at 0, 2, 4, 6, 8, 12 and 24 h. The validation was expressed as the
relative standard deviation (RSD).

Data processing and metabolomics analysis

The obtained raw UPLC-MS data files were processed using
Mass Hunter Qualitative Analysis Software (version B.03.01;

This journal is © The Royal Society of Chemistry 2019

Agilent Technologies). The process of data manipulation con-
sisted of mass detection, chromatogram building, smoothing,
chromatogram deconvolution, grouping of isotopic peaks, peak
alignment with m/z tolerance of 10 ppm and retention time
tolerance of 0.2 min, gap filling to fill in missing peaks, dupli-
cate peak removal, and peak filtering. After data screening, at
least 90% of the sample features were detected and preserved in
the peak list. EZinfo 2.0 software (Waters Corporation, Man-
chester, UK) was used for multivariate analysis of the normal-
ized metabolomics datasets. Unsupervised principal
component analysis (PCA) and orthogonal projection to latent
structure-discriminant analysis (OPLS-DA), as a model of mean-
centering and unit-variance scaling application, ensure the
quality of the multivariate models by calculating the cumulative
values of the total Y explained variance (R,) and the Y predict-
able variation (Q,). The 7-fold cross-validation method for
permutation tests with 100 iterations was conducted to reduce
the risk of over-fitting. Differentially regulated cell metabolites
that highlight the discrimination between the control and
NSCLC group were obtained by the ions having a variable
importance in projection (VIP) score value above 1 and a p-value
less than 0.05 in Student's ¢-tests. To characterize each selected
metabolite, a combination of the Mass Fragment software with
MS/MS data and some vital databases such as LIPID MAPS,
HMDB, MassBank, ChemSpider database and METLIN was
used. In addition, MetaboAnalyst 4.0 was employed to analyze
the construction, interaction, and pathways of the potential

RSC Adv., 2019, 9, 10905-10913 | 10907
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Fig. 2 Multivariate analyses of metabolite ions in non-small cell lung cancer. (A) and (B) PCA score plot and 3D OPLS-DA score plot of cell
metabolites for clustering the control and model group in positive ion mode. (C) and (D) PCA score plot and 3D OPLS-DA of cell metabolites for

clustering the control and model group in negative ion mode.

lung cancer biomarkers to attempt to reveal the pathological
mechanism of non-small cell lung cancer.

Enzyme validation by proteomics

By using a Pierce™ Mass Spec Sample Prep Kit for Cultured
Cells and a BCA Protein Assay Kit (Thermo Fisher Scientific,
Waltham, MA, USA), proteins were extracted from the cells for
quantitative analysis. After the proteins were degraded into
polypeptides, they were resuspended in 0.1% (v/v) formic acid
for LC-MS/MS analysis after being decomposed by trypsin as
described in the Mass Spec Sample Prep Kit for Cultured Cells
(Thermo Fisher Scientific). The separation of the peptides was
achieved on a Thermo EASY-nLC 1000 nanoliquid chromatog-
raphy system (Thermo Fisher Scientific) using a C 18 column (75
pm x 15 cm), and then a 6540 quadrupole time-of-flight (Q-
TOF) mass detector (Agilent, Santa Clara, CA, USA) equipped
with an electrospray ionization source was applied to perform
the parallel reaction monitoring analysis. The LC mobile phases
were set as follows: 100% water with 0.1% formic acid (mobile
phase A) and 95% acetonitrile and 0.1% formic acid (mobile
phase B). The gradient was as follows: 0-25 min, 0-30% B; 25-
38 min, 30-40% B; 38-55 min, 40-65% B; 55-60 min, 100% B.
The MS cycle embodies a full MS1 scan and the predetermined
targeted MS2 scan with a resolution of 62 000 and 40 000,
respectively. The obtained data were imported into Skyline
software (v3.6, MacCoss Lab, Seattle, WA, USA) for further

10908 | RSC Aadv., 2019, 9, 10905-10913

analysis, such as selecting optimal charge number state and
fragment ions of the polypeptide. Some critical parameters were
set as follows: the peptide enzyme was set as trypsin (KR/P), the
max missed cleavage was set as zero, 6-23 amino acid residues
was set as the peptide length, the variable modification,
including carbamidomethyl on Cys and oxidation on Met,
precursor charges were set as 2 and 3, and 0.03 Da was set as the
ion match tolerance.

Statistical analysis

Statistical analysis was performed using the SPSS version 19.0
software for Windows (IBM, Armonk, NY). One-way analysis of
variance (ANOVA) was used to inspect the statistical significance
of the values gained. When the p-value was less than 0.05, the
result was deemed as statistically significant, and data are
deemed as extremely statistically significant when the p-value is
less than 0.01. In addition, all data are shown as the mean +
standard error of the mean (SEM).

Results and discussion
Multivariate statistical analysis

The relative standard deviation (RSDs) values of precision were
no more than 4.12%, indicating that the method was precise.
The RSDs of repeatability obtained were less than 2.80%. For
the stability, the RSDs were no more than 3.45%. These results

This journal is © The Royal Society of Chemistry 2019
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Fig. 3 Multivariate analyses of metabolite ions in non-small cell lung cancer. (A) and (B) Loading plot and S-plot of the OPLS-DA model for the control
and model group in positive ion mode. (C) and (D) Loading plot and S-plot of the OPLS-DA model for the control and model group in negative ion mode.

verified that all analytes were stable for 24 h at room tempera-
ture, which demonstrates that the UPLC-MS method could be
applied to discover and identify the potential biomarkers that
lead to the biological difference between HBEC and NSCLCC.
The cell samples were analyzed in both positive and negative
ionization modes by UPLC/MS. The trajectory analysis of the
PCA score plots for the control and NSCLC groups reflects
a clear separation in the positive ionization mode (Fig. 2A) and
the negative ionization mode (Fig. 2C). It was indicated that cell
metabolite alteration and biochemical changes happened. To
maximize the differences between the different groups and
determine the variables that contribute to discrimination,
OPLS-DA, a more sophisticated supervised pattern recognition
method, was further employed for the metabolic data (Fig. 2B
and D), which exhibited good 3D separation in the control and
NSCLC cells. When one PLS component and one orthogonal
component were analyzed, the cumulative R,Y and Q, were
measured, respectively. In addition, the lack of over-fitting was
displayed based on the results of permutation tests (Fig. S1A
and BY). In the corresponding loading-plots (Fig. 3A and C), the
ions furthest away from the origin may be considered as the
differentiating metabolites. S-plots in positive mode and nega-
tive mode (Fig. 3B and D) are used to evaluate the causative
factors resulting from diverse clustering on the score plots.

Differential metabolite discovery and identification

Variables from the OPLS-DA model with a VIP > 1 and an
independent sample ¢test with p < 0.05 were considered as
differentially regulated metabolites that distinguish healthy

This journal is © The Royal Society of Chemistry 2019

cells and NSCLC cells (Fig. S2A and Bft). 13 metabolites were
identified that reveal the pathological mechanism of NSCLC
(Table S1t). In hierarchical cluster analysis, it was shown that
six of these were up-regulated, including 1-stearoylglycer-
ophosphoinositol, 13S-hydroxyoctadeca-dienoic acid, t-tyro-
sine, N-hexadecanoylsphinganine-1-phosphocholine,
glycocholic acid and argininosuccinic acid, and seven were
down-regulated, including sphingosine, r-serine, 6Z,9Z-octade-
cadienoic acid, 1-methylhistidine, r-carnitine, deoxyadenosine
and taurodeoxycholic acid, compared to healthy controls cells
according to Pearson's linear correlation analysis in the heat-
map (Fig. 4A). As shown in Fig. 4B, the corresponding targeted
analysis PCA score plot presents clear separation of the two
groups. The relative concentration of these metabolites is
shown in the cluster diagram from OPLS-DA, which revealed
that the two groups could be separated completely by 3
metabolites with VIP score > 1.0, namely argininosuccinic acid,
taurodeoxycholic acid and glycocholic acid (Fig. 4C). The rela-
tive signal intensities of the cell metabolites identified by UPLC-
MS are demonstrated in Fig. S3.1 The results show that several
metabolites, such as aspartate, glutamate, methionine, alanine
and malonyl carnitine, were deemed to indicate apoptotic
processes during cell culture obtained in fast high-throughput
screening. Metabolomic features might be applied in investi-
gating the mechanisms of cancer.*

Targeted metabolite pathway analysis

Using the “pathway analysis” module within the MetaboAnalyst
software, the above-mentioned 13 metabolites were further

RSC Adv., 2019, 9, 10905-10913 | 10909
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candidates.

analyzed to gain insight into the metabolic mechanism of
NSCLC, and the results show that 11 kinds of metabolic alter-
ation, including glycine, serine and threonine metabolism,
aminoacyl-tRNA biosynthesis, tyrosine metabolism and sphin-
golipid metabolism with impact indices of 0.1360, 0.056, 0.04
and 0.0257, were involved in NSCLC as shown in Fig. S4.F Then,
integrated network analysis of NSCLCC was performed to
outline the biochemical relationships. From the KEGG global
metabolic network, which can map metabolites in NSCLC cells
and enzymes/Kos (Fig. 5A), it is suitable to integrate the results
from joint metabolomics and metagenomics studies mainly
referring to amino acid metabolism. The metabolite-metabolite
interaction network based on reactions from similar chemical

10910 | RSC Adv., 2019, 9, 10905-10913

structures and similar molecular activities that highlight
potential functional relationships between a wide set of anno-
tated metabolites is shown in Fig. 5B for 4 metabolites,
including r-tyrosine, r-serine, deoxyadenosine and 1-methyl-
histidine. The relationships between genes and the main cell
metabolites of NSCLC in three-dimensional (3D) space are
demonstrated in Fig. 5C by OmicsNet, a novel network visual
analytics system. The enhanced metabolism of glycolysis, glu-
taminolysis, and amino acids, leading to elevated ATP and
protein content, could make a difference to the death of Ber-Abl
cells cultivated in the presence of imatinib. Due to the higher
energy demand and turnover of anabolic metabolism during
tumor cell proliferation, some rapidly growing metabolites,

This journal is © The Royal Society of Chemistry 2019
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such as those in glycolysis and the tricarboxylic acid (TCA) cycle,
as well as most of the amino acids, were explored in the process
of tumor invasion and metastasis of murine osteosarcoma cells.
In this study, it is well known that the deficiency of arginino-
succinic acid catenase is related to high mortality and morbidity
rates characterized by anorexia, irritability, rapid breathing,
lethargy, vomiting and other symptoms, which may be an
important clue to resist NSCLC. Amino acid metabolism was the
top altered pathway in lung cancer.”” Serine can become
essential under certain conditions, and is thus important in
maintaining health and preventing disease. It is very likely that
the predominant source of r-serine will be very different in
different tissues and during different stages of human devel-
opment. In the biosynthetic pathway, the glycolytic interme-
diate 3-phosphoglycerate is converted into
phosphohydroxypyruvate, in a reaction catalyzed by 3-phos-
phoglycerate dehydrogenase. Phosphohydroxypyruvate is
metabolized to phosphoserine by phosphohydroxypyruvate
aminotransferase and, finally, phosphoserine is converted into
L-serine by phosphoserine phosphatase.

Proteomics confirmation

In order to prove the altered metabolic pathways in NSCLC cells
uncovered by the metabolomic analysis, targeted proteomics
was performed to analyze the changes of key enzymes in the
pathways. For targeted proteomics, in the argininosuccinic acid

This journal is © The Royal Society of Chemistry 2019

pathway, the protein expression of argininosuccinic acid cate-
nase was prominently decreased in NSCLC cells compared with
the control cells (Fig. S5At). 3-Phosphoglycerate dehydrogenase
and phosphoserine phosphatase are the rate-limiting enzymes
for serine. We found that 3-phosphoglycerate dehydrogenase
and phosphoserine phosphatase were decreased in NSCLC cells
with respect to the control (Fig. S5B and Ct). This result was no
different to the decrease in r-serine in our metabolomic anal-
ysis. Tyrosinase controls the production of melanin. Compared
with the control cells, tyrosinase was significantly decreased,
indicating the upregulation of oxidation-reduction reactions in
NSCLC cells, which was in line with the accumulation of
hazardous substances found in the metabolomic analysis
(Fig. S5D%).

Cell metabolomics prospects

Metabolomics, a relatively young branch, integrates many
related disciplines, including analytical chemistry, molecular
biology, biochemistry, and computational bioinformatics for
big data in science. There is a major challenge in the concurrent
extraction, separation, and detection of cells because the
endogenous metabolites vary widely in their physical and
chemical properties in comprehensive characterization of the
cell metabolome.**** The chemical properties of a great number
of metabolites are still unknown, leading to some difficulty in
the problem of standardizing quenching and extraction
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methods. Some standard compounds are not yet readily avail-
able. Most of the theoretical research is still focused on the
sample preparation techniques and the development of
adherent mammalian cells. Another major concern for cell line
metabolomics is optimizing the cell culture growth conditions
and sample preparation protocols in an attempt to keep the
cells in a stable metabolic state.”® There has been much prob-
ability of the application of cell metabolomics in the context of
cancer. Cancer cells are characterized by several specific meta-
bolic traits, which have been explored for targeted therapies.****
Agents that promote apoptosis, as a powerful tool for cancer
therapies, have been recognized by more and more people in
modern society. Metabolomic features might be applied in
testing the efficacy of agents that result in apoptosis in cell
culture. For example, metabolic biomarkers of apoptosis can
differentiate it from necrosis in HEK and HepG2 cells.*®

The application of cell metabolomics to lung cancer has only
recently been performed. Metabolic markers of lung cancer,
which have been screened from a limited number of cases and
lack large-scale clinical validation, are still at the scientific
research stage.**®” Most studies of metabolic markers are
concentrated on qualitative comparisons, and quantitative
analysis of tissues, cells, blood and urine is lacking.*®** To
explore the mechanism of lung cancer, joint platforms of
multiple technologies, such as omics and imageology, are still
not available, and a platform in the context of big data inte-
gration and collection methods is still lacking for precision
medicine. With the development of modern analytical tech-
niques, metabolomics will attract more attention in the early
diagnosis of NSCLC, molecular mechanisms and precision
medicine.

Conclusion

This study was focused on differentiating metabolic changes in
cell samples from healthy controls and NSCLC to reveal the
pathological mechanism by non-targeted and targeted metab-
olomics approaches. These data indicated that metabolomics
analysis could be utilized to detect metabolic alterations closely
related to lung cancer progression, which possess potential
clinical usefulness. Compared to healthy controls cells, many
cell metabolites were obviously altered in NSCLC cells. The
advances in the molecular understanding of the roles of meta-
bolic pathways associated with particular metabolites, such as
amino acids and fatty acids, in the NSCLC process will bring
about more possibilities for the development of novel thera-
peutic tools against NSCLC.
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