
EXPERIMENTAL AND THERAPEUTIC MEDICINE  18:  188-198,  2019188

Abstract. Lung cancer is one of the most prevalent types of 
cancer, but accurate diagnosis remains a challenge. The aim 
of the present study was to create a model using amino acids 
and acylcarnitines for lung cancer screening. Serum samples 
were obtained from two groups of patients with lung cancer 
recruited in 2015 (including 40 patients and 100 matched 
controls) and 2017 (including 17 patients and 30 matched 
controls). Using a metabolomics method, 21 metabolites 
(13 types of amino acids and 8 types of acylcarnitines) 
were measured using liquid chromatography-tandem mass 
spectrometry. Data (from the 2015 and 2017 data sets) were 
analysed using a Mann-Whitney U test, Student's t-test, 
Welch's F test, receiver-operator characteristic curve or logistic 
regression in order to investigate the potential biomarkers. Six 
metabolites (glycine, valine, methionine, citrulline, arginine 
and C16-carnitine) were indicated to be involved in distin-
guishing patients with lung cancer from healthy controls. The 
six discriminating metabolites from the 2017 data set were 
further analysed using Partial least squares-discriminant 
analysis (PLS‑DA). The PLS‑DA model was verified using 
Spearman's correlation analysis and receiver operating char-
acteristic curve analysis. These results demonstrated that the 
PLS-DA model using the six metabolites (glycine, valine, 
methionine, citrulline, arginine and C16-carnitine) had a 
strong ability to identify lung cancer. Therefore, the PLS-DA 
model using glycine, valine, methionine, citrulline, arginine 
and C16-carnitine may become a novel screening tool in 
patients with lung cancer.

Introduction

Lung cancer is one of the most prevalent types of cancer, with 
a mean 5-year survival rate of <15% (1). This is mainly due 
to the lack of diagnostic technology able to detect the disease 
during its early stages. The 5-year survival rate may increase 
up to 60% when lung cancer is detected prior to metastasizing 
to lymph nodes or distant sites (1). Therefore, there is an 
urgent need to identify biomarkers for early diagnosis. The 
development of metabolomics, genomics and proteomics has 
produced promising novel methods for the early detection 
of cancer (2,3). Metabolomics may measure low molecular 
weight metabolites (<1,000 amu), including amino acids, lipids, 
fatty acids and carbohydrates, which are the end products of 
biochemical pathways involved in cellular physiology, struc-
ture and signal transduction (4). As alterations in the levels 
of these metabolites may indicate an abnormal status of the 
cells (5), metabolomics may be a useful approach to screening 
patients with different diseases (6,7).

Of all metabolites, amino acids and acylcarnitines are 
potential biomarkers for diagnosing cancer as they serve an 
essential role in cell physiology as basic metabolites and meta-
bolic regulators. Amino acid profiles in association with lung 
cancer have been studied previously (8-16). However, inconsis-
tent results were reported. Maeda et al (11) demonstrated that 
the levels of 8 amino acids (alanine, tyrosine, proline, glycine, 
isoleucine, phenylalanine, ornithine and lysine) were increased, 
whereas histidine was decreased in the plasma of patients 
with non-small cell lung cancer, compared with age-, sex- and 
smoking status-matched controls using liquid chromatog-
raphy-mass spectrometry (LC-MS). Rocha et al (12) reported 
that the plasma levels of amino acids (including alanine, gluta-
mine, valine, tyrosine and histidine) in patients with cancer 
were lower compared with the healthy controls. Wen et al (14), 
using a combination of gas chromatography-mass spec-
trometry and LC‑MS, revealed that the levels of five amino 
acids (alanine, glutamine, glycine, threonine and 5-hydroxy-
tryptophan) were significantly decreased in the plasma of 
patients with stage I human lung adenocarcinoma compared 
with the healthy controls. Therefore, no consistency was 
obtained on the association of amino acids with lung cancer. 
The inconsistency may be due to various factors, including 
the differences in Tumor-Node-Metastasis (TNM) stages, 
pathological types and genotypes. In a previous study, a liquid 
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chromatography-tandem mass spectrometry (LC-MS/MS) 
method was developed in order to measure 13 types of amino 
acids and 8 types of acylcarnitines in the serum of patients 
with lung cancer with ideal accuracy and precision (17). This 
method was successfully used in 40 patients with lung cancer 
and healthy controls, and the results revealed that a number of 
metabolites were significantly different between the patients 
with lung cancer and the healthy controls (17). In the present 
study, a group of patients with lung cancer with detailed clin-
ical characteristics were recruited, and screening for potential 
biomarkers for lung cancer from two data sets was attempted. 
Two data sets from different time periods were used to ensure 
reliability of the results. Hence, the aim of the present study 
was to build a model using amino acids and acylcarnitines for 
lung cancer screening.

Materials and methods

Ethical approval. The Regional Committee for Medical and 
Health Research Ethics approved the study protocol, and all 
patients provided written informed consent for participation 
in the study. All procedures performed in the present study 
involving human participants were in accordance with 1964 
Helsinki declaration and its later amendments, or comparable 
ethical standards.

Subjects. Two data sets were obtained in the present study. The 
data sets were recruited between January and October 2015, 
and between May and September 2017 at the Department of 
Thoracic Surgery of Guang'anmen Hospital (Beijing, China) 
and the Department of Thoracic Surgery of China-Japan 
Friendship Hospital (Beijing, China), respectively. Patients 
diagnosed with lung cancer were prospectively recruited, and 
the control group included subjects with no evidence of lung 
cancer. The inclusion criteria for patients with lung cancer 
were as follows: Participants pathologically confirmed to have 
malignant tumor types were consecutively recruited from the 
two sites at their regular appointments. The exclusion criteria 
for the patients with lung cancer were as follows: Diagnosis 
of diseases other than lung disease, other cancer types and a 
history of any thoracic surgery within 30 days prior to enrol-
ment. In the two data sets, participants in the control groups 
matched the patient groups in terms of age and sex. The inclu-
sion criteria for control groups were as follows: Participants 
without discomfort in the respiratory system, and diagnosed 
with no abnormality under X-ray analysis. The exclusion 
criteria for control groups were as follows: A diagnosis of 
any cancer type and a history of any thoracic surgery within 
30 days prior to enrolment. The demographic characteristics 
were summarized in Table I for the 2015 data set and Table II 
for the 2017 data set. The 2017 data set presented information 
on body mass index (BMI), smoking status, hypertension, 
diabetes, TNM stage and histology.

Sample collection and preparation. Blood samples (5 ml) were 
collected from the forearm veins into vacuum tubes subsequent 
to overnight fasting. Serum was prepared by centrifugation at 
3,512 x g for 10 min at 25˚C, and then stored at ‑80˚C until 
further analysis. All serum samples were prepared within 48 h 
of blood collection.

LC‑MS/MS measurement. A total of 13 types of amino 
acids and 8 types of acylcarnitines were measured using the 
LC-MS/MS method as described previously (17). Glutamine 
and asparagine were unstable in the serum, and were 
transformed into glutamate and aspartate on a large scale 
when stored at 4˚C for 4 h. In the present study, glutamine, 
glutamate, aspartate and asparagine were measured simulta-
neously using a fast LC-MS/MS method. The serum samples 
were deproteinized using methanol at a final concentration 
of 20% prior to measurement. The total concentrations of 
glutamate + glutamine or aspartate + asparagine were calcu-
lated as one variable. Detailed parameters of this method are 
presented in Table III. In order to reduce any potential bias 
introduced prior to analysis, all serum samples were analyzed 
within 3 months. The stability of fresh serum that was 
preserved at 4˚C for 2, 4, 7, 24, 48 and 72 h, and at ‑80˚C for 
10, 20, 30, 60 and 90 days were investigated.

Statistical analysis. Statistical analyses were performed using 
SPSS software (version 17.0; SPSS, Inc., Chicago, IL, USA) 
and SIMCA-P 11 software (Sartorius Stedim Data Analytics 
AB, Umeå, Sweden). Demographic and clinical characteris-
tics of subjects in the two data sets were analyzed. Age and 
BMI between lung cancer patients and healthy controls in 
the two data sets were analyzed by Mann-Whitney U-tests. 
Sex, smoking status, hypertension and diabetes between lung 
cancer patients and healthy controls in the two data sets were 
analyzed using χ2 tests. The mean ± standard deviations of 
amino acid and acylcarnitine concentrations were calculated 
for patients with lung cancer and healthy controls in the two 
data sets. Metabolomic data from the two data sets were 
analyzed using univariate [Mann-Whitney U test, Student's 
t-test, Welch's F test and receiver operating characteristics 
(ROC) curve analysis] and multivariate logistic regression 
analyses to screen for biomarkers in lung cancer. The metabo-
lites, which were significantly (P<0.05) different in patients 
with lung cancer compared with healthy controls in the two 
data sets, were screened to be potential biomarkers. In the 
univariate analyses, the Shapiro-Wilk test of normality was 
used to examine the shape of the distribution of each variable. 

Table I. Demographic characteristics of subjects in 2015 data 
set.

Characteristic Lung cancer patients Controls P-value

Patients, n 40 100 
Age, years   0.216a

  Mean 66.7 64.1 
  Median 66 62 
  Minimum 49 41 
  Maximum 83 90 
Sex, n (%)   >0.999b

  Male 26 (65) 65 (65) 
  Female 14 (35) 35 (35) 

P-values were derived from aMann-Whitney U-tests and bχ2 tests.
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A Mann-Whitney U test was used to compare the variables 
without normal distribution between the patients and control 
groups. For variables with a normal distribution, Levene's 
test and the Brown-Forsythe test were used to examine the 

equality of variances. To examine the differences between 
patients and controls, a Student's t-test was applied for vari-
ables with equal variances, and Welch's F test was used for 
variables with unequal variances. A logistic regression model 
was used to calculate the relevance of variables in patients with 
lung cancer. P<0.05 was considered to indicate a statistically 
significant difference.

Table II. Demographic and clinical characteristics of subjects 
in 2017 data set.

 Lung cancer
Characteristic patients Controls P-valueb

Patients, n 17 30 
Age, years   0.176
  Mean 66.3 62.8 
  Median 65 62 
  Minimum 53 34 
  Maximum 77 85 
Sex, n (%)   >0.999
  Male 13 (76.5) 23 (76.7) 
  Female   4 (23.5)   7 (23.3) 
BMI   0.563
  Mean 22.78 23.86 
  Median 23.24 22.99 
  Minimum 20.20 18.03 
  Maximum 25.06 35.92 
Smoking status, n (%)   0.787
  Current 4 (23.53)   7 (23.33) 
  Previous 5 (29.41)   6 (20.00) 
  Never 8 (47.06) 16 (53.33) 
  Missing data 0 (0) 1 (0.33) 
Hypertension, n (%)   0.343
  Yes 4 (23.53) 13 (43.33) 
  No 8 (47.06) 15 (50.00) 
  Missing data 5 (29.41) 2 (6.67) 
Diabetes, n (%)   0.866
  Yes 4 (23.53) 13 (43.33) 
  No 5 (29.41) 13 (43.33) 
  Missing data 8 (47.06)   4 (13.33) 
Stagea, n (%)   
  I 0 0 
  II 1 (5.88) 0 
  III   2 (11.76) 0 
  IV 14 (82.35) 0 
Histology, n (%)   
  Adenocarcinoma 4 (23.53) 0 
  Squamous cell carcinoma 5 (29.41) 0 
  Small cell lung cancer 5 (29.41) 0 
  Other types of NSCLC 3 (17.65) 0 

aCancer stage was determined according to the International 
Union Against Cancer TNM Classification of Malignant Tumors, 
6th Edition. bP-values for age and BMI were derived from the 
Mann-Whitney U-tests; P-values for sex, smoking status, hyperten-
sion and diabetes were derived from χ2 tests. BMI, body mass index; 
NSCLC, non-small cell lung carcinoma.

Table III. Parameters of liquid chromatography-tandem mass 
spectrometry method for measuring glutamate, aspartate, 
glutamine and asparagine.

Parameter Value

Mobile phase Water containing 0.05% 
 (v/v) formic acid
Column Phenomenex Kinetex F5
 column (4.6x100 mm, 
 2.6 µm)
Column temperature (˚C) 30
Flow rate (ml/min) 0.3
Capillary voltage (kV) 3.5
Drying gas temperature (˚C) 350
Drying gas flow (l/min) 10
Nebulizer pressure (psi) 40
MRM transition (m/z) 
  Glu 148→84
  Gln 147→83
  Asp 134→88
  Asn 133→87
  Glu-IS 151→87
  Asp-IS 137→91
Dwell (msec) 
  Glu 100
  Gln 100
  Asp 100
  Asn 100
  Glu-IS 100
  Asp-IS 100
Fragmentor (V) 
  Glu 80
  Gln 80
  Asp 50
  Asn 50
  Glu-IS 80
  Asp-IS 50
CE (eV) 
  Glu 18
  Gln 5
  Asp 7
  Asn 4
  Glu-IS 18
  Asp-IS 7

Glu-IS, 2H3-Glutamate; Asp-IS, 2H3-Aspartate; CE, Collision Energy 
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Partial least squares‑discriminant analysis (PLS‑DA). PLS-DA 
was performed using the screened potential biomarkers based 
on the 2017 data set to determine if patients with lung cancer 
and healthy controls could be separated. The 2017 data set was 
selected for PLS‑DA analysis as there were no significant differ-
ences identified in the confounding factors (including age, sex, 
BMI, smoking status, hypertension and diabetes) between the 
patients with lung cancer and the healthy controls. PLS-DA was 
performed on log10-transformed normalized concentrations 
that accounted for the non-normal distribution of the concen-
tration data and reduced the chance of skewed variables. In 
order to avoid over-optimization, 10-fold cross validation was 
performed to generate an unbiased analysis. Two parameters, 
R2 (‘goodness‑of‑fit’) and Q2 (‘goodness‑of‑prediction’) were 
calculated in the PLS-DA models.

Verification for PLS‑DA Spearman's correlation analysis 
and ROC curve analysis were performed to verify the robust-
ness of the established PLS-DA model. Spearman's correlation 
analysis was used to investigate the correlation of the first 
principal component from the PLS-DA model with lung 
cancer. ROC curve analysis was used to assess the ability of 
discrimination of the first principal component.

Physiological function analysis. The discriminated metabo-
lites were queried in two databases. The human metabolomics 

pathway was queried using the Kyoto Encyclopedia of Genes 
and Genomes database (https://www.genome.jp/kegg/) and the 
Small Molecule Pathway Database (http://smpdb.ca/).

Results

LC‑MS/MS analyses of serum samples. Multiple-reaction 
monitoring chromatography results of serum samples from 
two representative patients with lung cancer are presented 
in Fig. 1. The results revealed a substantial chromatographic 
separation of the metabolites. The serum concentrations for 
metabolites in the 2015 and 2017 data sets are presented in 
Tables IV and V, respectively. The total concentrations of 
glutamate+glutamine or aspartate+asparagine were calculated 
as one variable.

Univariate analyses. The results of the univariate analyses 
were presented in Table IV (2015 data set) and Table V (2017 
data set). As presented in Tables IV and V, three metabolites 
(valine, methionine and citrulline) were decreased in the 
patients with lung cancer compared with the healthy controls 
in the two data sets. However, one metabolite (arginine) was 
increased in the patients with lung cancer compared with the 
healthy controls in the two data sets. The four metabolites 
(valine, methionine, citrulline and arginine) were altered 

Figure 1. Representative multiple-reaction monitoring chromatography of serum samples from patients with lung cancer. (A) LC-MS/MS method measuring 21 
metabolites. (B) LC-MS/MS method measuring glutamate, glutamine, aspartate and asparagine. LC-MS/MS, liquid chromatography-tandem mass spectrometry.
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significantly in the patients with lung cancer in the two data 
sets, and these results suggested their potential to distinguish 
the metabolites in patients with lung cancer.

Compared with the controls, three metabolites (histidine, 
leucine and C5-carnitine) were increased in the patients with 
lung cancer in the 2015 data set, but decreased in the 2017 
data set. In addition, the levels of 9 metabolites (ornithine, 
phenylalanine, tyrosine, aspartate + asparagine, C3-carnitine, 
C4-carnitine, C8-carnitine, C14-carnitine and C16-carnitine) 
were significantly altered in the patients with lung cancer only 
in the 2015 data set. This discrepancy may be caused by data 
set differences or the limitations of the statistical methods 
used. Multivariate analyses were further used to screen for the 
potential to identify metabolites in patients with lung cancer.

Multivariate analyses. The results of the logistic regression 
analyses are provided in Tables IV and V. Glycine was observed 
to be significantly decreased in the patients with lung cancer in 
the two data sets. The results revealed that the difference in the 
levels of glycine between the patients and the healthy controls 
was significant in the 2015 data set under multivariate statistical 
analyses, and significant in the 2017 data set under univariate 
analyses. C16‑carnitine was revealed to be significantly different 
between the patients with lung cancer and the healthy controls 
for the 2017 data set under multivariate statistical analyses, and 
for the 2015 data set under univariate analyses.

Therefore, glycine and C16-carnitine were considered to 
be potential biomarkers for lung cancer. In total, six metabo-
lites (glycine, valine, methionine, citrulline, arginine and 
C16-carnitine) were considered to be potential biomarkers for 
lung cancer.

PLS‑DA models. The results of the PLS-DA model using 
six metabolites (glycine, valine, methionine, citrulline, 
arginine and C16‑carnitine) identified from the 2017 data set 
are presented in Fig. 2. The first principal component [t(1)], 
is a distinguishing parameter for lung cancer based on the 

concentrations of the six metabolites. The formula of the first 
principal component was as follows:

t[1]=0.2523x concentration (Gly) + 0.6087x concentration 
(Val) + 0.6351x concentration (Met) + 0.0341x concentration 
(Agr) + 0.3084x concentration (Cit) + 0.3033x concentration 
(C16).

The formula represents the score of each lung cancer 
patient or healthy control in the PLS-DA model. In the 
model, the scores of the healthy controls were usually much 
lower compared with that of lung cancer patients. The 
above concentrations in the formula were referred to as the 
log10-transformed normalized concentrations.

A substantial ability to distinguish the patients with lung 
cancer from the healthy controls was observed with R2=71.9% 
and Q2=66.2% (Fig. 2). The results demonstrated that the 
PLS-DA model was effective for identifying patients with 
lung cancer. Therefore, serum concentrations of glycine, 
valine, methionine, citrulline, arginine and C16-carnitine may 
be integrated into the current method for screening for lung 
cancer.

Verification for PLS‑DA. Results of the Spearman's correla-
tion analysis used to assess the correlation between the first 
principal component from the PLS-DA model and lung 
cancer are presented in Fig. 3. Spearman's correlation analysis 
revealed that the first principal component from the PLS‑DA 
model was significantly correlated with lung cancer. Fig. 4 
revealed ROC curves for the first principal component from 
the PLS-DA model and 6 discriminate metabolites (glycine, 
valine, methionine, citrulline, arginine and C16-carnitine). 
The ROC curve using first principal component resulted 
in a high area under the curve (AUC) of 0.997, which was 
substantially higher compared with those using a single 
metabolite (citrulline, AUC=0.849; valine, AUC=0.810; 
arginine, AUC=0.747; methionine, AUC=0.745; glycine, 

Figure 2. Score plot of partial least squares-discriminant analysis models derived from a 2017 data set. Sample points for patients with lung cancer and healthy 
controls were clearly separated from one another.
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AUC=0.723; and C16-carnitine, AUC=0.646). These results 
indicated that the first principal component from the PLS‑DA 
model demonstrated a strong ability to distinguish lung cancer.

Physiological function analysis. Physiological functions of argi-
nine (18-32), glycine (33-41), methionine (42-48), valine (49-51), 
citrulline (21,22) and C16-carnitine (52-54) were summarized in 
Table VI. The discriminating metabolites described in the table 
were essential for homeostasis, and the physiological disorders 
that occurred due to the aforementioned metabolites, including 
the over-biosynthesis of protein, DNA damage, hypermethyl-
ation of DNA and fatty acids β-oxidation were consistent with 
the tumor status. These results suggested that the discriminating 
metabolites may be functional substances and contribute to 
cancer initiation or progression.

Discussion

To the best of our knowledge, the present study is the first to 
build models for lung cancer screening using amino acids and 
acylcarnitines. The PLS-DA models using glycine, valine, 

methionine, citrulline, arginine and C16-carnitine exhibited a 
positive ability to identify lung cancer, and may function as a 
novel screening tool for lung cancer.

The serum concentrations of acylcarnitines from patients 
with lung cancer were determined using a relative quantitative 
method according to the peak areas, while any matrix effects 
may have caused deviation. In the present study, a standard 
curve with an isotope internal standard was performed to 
minimize the matrix effect. The stability study demon-
strated a strong instability for glutamic acid and aspartic 
acid. The concentrations of glutamic acid and aspartic acid 
were increased subsequent to being stored at 4˚C for 4 h 
due to the hydrolysis of glutamine and asparagine under the 
catalysis of metabolic enzymes (15). As the concentrations of 
glutamic acid, glutamine, aspartic acid and asparagine were 
not significantly altered subsequent to being stored at 4˚C for 
72 h or ‑80˚C for 3 months, the total concentration of glutamic 
acid + glutamine or aspartic acid + asparagine was calculated 
as one variable. To reduce the analytical bias caused by sample 
instability, the sample preparation and preservation were 
performed under strictly controlled conditions. All serum 

Figure 4. AUC of the first principle component and discriminant metabolites (2017 data set). (A) AUC of the first principle component: 0.953. (B) AUCs of the 
discriminant metabolites (citrulline, 0.849; valine, 0.810; arginine, 0.747; methionine, 0.745; glycine, 0.723; C16-carnitine, 0.646). AUC, area under the curve.

Figure 3. Spearman's correlation analysis was used to determine the correlation between the first principle component from the partial least squares‑discrim-
inant analysis and lung cancer (2017) data set.
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samples were prepared within 48 h of blood collection, and 
analyzed within 3 months.

Four metabolites (glycine, valine, methionine and citrul-
line) were demonstrated to be significantly decreased in the 
serum of patients with lung cancer compared with the healthy 
controls in the present study. Glycine, valine and methio-
nine are considered to be important amino acids for protein 
biosynthesis (35,36), and are required in the development of 
primary tumor types (37,50,51). Decreased serum levels of 
these metabolites may be associated with the increased uptake 
of circulating glycine, valine, methionine and citrulline for the 
rapid biosynthesis of proteins (37,50,51). Glycine is a precursor 
for the formation of purine (55). Uric acid, a potent antioxidant 
in plasma (55), is a breakdown product of purine nucleotides. 
Therefore, the levels of uric acid present in serum are associ-
ated with the levels of glycine present. The decreased levels of 
glycine and uric acid may result in oxidative stress, which in 
turn induce oxidative damage for DNA (56) and initiate carci-
nogenesis. On the other hand, glycine is a crucial substrate of 
the deoxycholic acid glycine conjugate, which is a secondary 
bile acid functioning as a detergent to solubilize fats for 
absorption (15). The decreased levels of glycine may represent 
a digestive system disorder, which is a common symptom 
observed among patients with cancer (15).

Abnormal DNA methylation is a hallmark of lung cancer 
cells (57). Methionine may affect DNA methylation by regu-
lating the levels of S-adenosyl-L-methionine, a methyl group 
donor, in addition to S-adenosyl-L-homocysteine, an inhibitor 
of enzymes catalyzing the DNA methylation reaction (46). 
The abnormal DNA methylation reaction may be associated 

with the decreased level of methionine. Citrulline is a key 
substance for citrullinated proteins, which may cause rheuma-
toid arthritis (58). Although the association between citrulline 
and cancer has yet to be well established, it may be inferred 
that rheumatoid arthritis is associated with cancer patho-
genesis. Increased levels of arginine and C16-carnitine were 
observed in the serum of patients with lung cancer compared 
with the controls in the present study. Arginine is involved 
in the metabolism of nitric oxide (NO), a type of vasodilator 
and free radical that participates in the inflammatory process 
and carcinogenesis through nitro-oxidative stress, apop-
tosis, cell cycle, angiogenesis, invasion and metastasis (59). 
Increased arginine levels have been assumed to be the cause of 
increased NO (31). Therefore, arginine deprivation may offer 
a potential treatment method for lung cancer. Wheatley (28) 
demonstrated that cancer may be controlled by restricting 
arginine availability through inhibiting arginine-catabolizing 
enzymes, which function as anticancer agents. C16-carnitine 
may regulate β-oxidation, which was abnormally increased in 
non-small cell lung cancer (53). The increased β-oxidation may 
be associated with the high levels of C16-carnitine. Therefore, 
reducing C16-carnitine concentration may be a novel approach 
to cancer therapy (54). Limitations of the present study include 
a small sample size. Notable results were produced despite 
using a small sample size. However, replication is required in 
larger studies to confirm the present results. The other limita-
tions were a lack of detailed demographic characteristics for 
the 2015 data set, and that the majority of patients in the 2017 
cohort had advanced cancer. In further studies, lung cancer 
patients at early stages will be recruited to validate the model.

Table VI. Physiological Functions of discriminate metabolites.

 Physiological functions
Discriminate -----------------------------------------------------------------------------------------------------------------------------------
metabolites Targets Function Physiological state in tumor

Arginine Small molecule Amino acid metabolism (18-20),  
  Trehalose degradation, urea cycle (21,22) 
 Protein Protein biosynthesis (23-26) Over biosynthesis of protein (27,28)
 DNA DNA damage through nitric oxide (NO) (29-30) DNA damage (31,32)
Glycine Small molecule Amino acid metabolism (33,34) 
 Protein Protein biosynthesis (35,36) Over biosynthesis of protein (37)
 DNA Antioxidant damage for DNA through uric acid DNA damage (38,39)
Methionine Small molecule Amino acid metabolism (33), folate  
  metabolism (40,41), betaine metabolism,  
  spermidine and spermine biosynthesis,  
  phosphatidylcholine biosynthesis (42-44) 
 Protein Protein biosynthesis (35,36), histone Over biosynthesis of protein, Histone
  methylation abnormal methylation (45-47)
 DNA DNA methylation DNA abnormal methylation (45-48)
Valine Small molecule Amino acid metabolism (49), propanoate 
  metabolism 
 Protein Protein biosynthesis (35,36) Over biosynthesis of protein (50,51)
Citrulline Small molecule Amino acid metabolism, urea cycle (21,22) 
 Protein Cyclic citrullinated peptide synthesis 
C16-carnitine Small molecule Fatty acids β-oxidation (52) Increased oxidation (53,54)
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The present study is, to the best of our knowledge, the first 
to target the approach of metabolomics for serum amino acids 
and acylcarnitines in patients with lung cancer. The present 
research provides supporting evidence that six metabo-
lites (glycine, valine, methionine, citrulline, arginine and 
C16-carnitine) may be considered to be valuable biomarkers 
for lung cancer. The PLS-DA model using glycine, valine, 
methionine, citrulline, arginine and C16-carnitine exhibited 
a strong ability to distinguish patients with lung cancer from 
healthy controls. The aforementioned six metabolites may be 
considered to be important functional substances involved in 
the pathogenesis of lung cancer. In summary, these six metab-
olites are effective in differentiating patients with lung cancer 
from healthy controls, and the PLS-DA model using glycine, 
valine, methionine, citrulline, arginine and C16-carnitine may 
become a novel screening tool for lung cancer.
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