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Abstract. the principal way to improve the outcome of gastric 
cancer (GC) is to predict carcinogenesis and metastasis at an 
early stage. the aims of the present study were to test the 
hypothesis that distinct metabolic profiles are reflected in GC 
tissues and to further explore potential biomarkers for GC 
diagnosis. Gas chromatography/mass spectrometry (GC/Ms) 
was utilized to analyze tissue metabolites from 30 GC patients. 
A diagnostic model for GC was constructed using orthogonal 
partial least squares discriminant analysis (OpLs-DA), and 
the metabolomic data were analyzed using the non-parametric 
Wilcoxon rank sum test to identify the metabolic tissue 
biomarkers for GC. Over 100 signals were routinely detected 
in one single total ion current (tIC) chromatogram, and the 
OPLS-DA model generated from the metabolic profile of the 
tissues adequately discriminated the GC tissues from the 
normal mucosae. Among the low-molecular-weight endo-
genous metabolites, a total of 41 compounds, such as amino 
acids, organic acids, carbohydrates, fatty acids and steroids, 
were detected, and 15 differential metabolites were identified 
with significant difference (p<0.05). A total of 20 variables 
were noted which contributed to a great extent in the discri-
minating OpLs-DA model (VIp value >1.0), among which 12 
metabolites were identified using both VIP values (VIP >1) 
and the Wilcoxon test (p<0.05). In conclusion, the identification 

of the metabolites associated with GC morbidity potentially 
revealed perturbations of glycolysis, fatty acid β-oxidation, 
cholesterol and amino acid metabolism. these results suggest 
that tissue metabolic profiles have great potential in detecting 
GC and may aid in understanding its underlying mechanisms.

Introduction

Gastric cancer (GC) is one of the most prevalent and deadly 
forms of cancers worldwide, with nearly a million new cases 
diagnosed each year. It is the fourth most common type of 
cancer and the second most frequent cause of cancer-related 
mortality in the world (1,2). the relatively asymptomatic 
nature in the early stage of the disease and the lack of adequate 
screening methods have resulted in the majority of GC patients 
diagnosed at an advanced stage of the disease. the prognosis 
of patients with advanced cancer still remains poor due to its 
high recurrence rate and metastatic features including lymph 
node invasion, peritoneal implantation and liver metastasis 
(3-5). therefore, the most effective way to improve patient 
prognosis is the prediction of GC carcinogenesis and metastasis 
at an early stage. Currently, endoscopy is widely used for early 
screening but this methodology involves invasive procedures 
and its cost effectiveness remains disputable. thus, a full 
understanding of the molecular mechanism of carcinogenesis 
and identification of biomarkers for the early diagnosis and 
effective treatment of human GC are crucial. Although several 
serum biomarkers have been researched as new invasive tools 
for screening GC (6-9), these serum tests are not available as 
screening or surveillance tests due to their low specificity and 
sensitivity (9). Biomarkers derived from tumor tissues may 
provide higher sensitivity and specificity than those from serum 
(10), yet tissue specimens must be obtained by invasive means 
involving endoscopy and biopsy. Tissue metabolic profiling 
offers the opportunity to understand the molecular mechanism 
involved in carcinogenesis and to aid in the  identification of 
potential biomarkers for the early diagnosis and effective 
treatment of human GC.

Metabolomics is a recently developed technology for 
detection, identification and quantification of low-molecular-
weight metabolites that are involved in the metabolism in an 
organism at a specified time under specific environmental 
conditions (11,12). this technique is an effective tool for 
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disease diagnosis (13-15), biomarker screening (16-20) and 
characterization of biological pathways (11). recent techno-
logical advances in NMr spectroscopy and mass spectrometry 
have further improved the sensitivity and spectral resolution 
of cancer metabolomic study (21). Among the various 
techniques conventionally used for cancer metabolic profiling, 
gas chromatography/mass spectrometry (GC/Ms) has been 
proven to be a robust metabolomic tool and is widely applied 
in metabolite identification and quantification based on its 
high sensitivity, peak resolution and reproducibility (22-24). 
since cancers are known to possess highly unique metabolic 
phenotypes, identification of specific biomarkers using meta-
bolomics may be useful for early cancer detection and prognosis. 
‘Metabolic profiling’ has been proposed as a means of 
measuring the total complement of individual metabolites in a 
given biological sample. the physiological state of a complex 
tissue is reflected in the full complement of various metabolites 
by its constituent cells. Hence, metabolic profiling may offer a 
unique opportunity for the understanding of the molecular 
mechanisms involved.

In the present study, we hypothesized that the comprehensive 
analysis of tissue metabolites defines metabolic signatures 
that discriminate GC specimens from normal specimens. to 
test this hypothesis, we utilized GC/Ms metabonomics to 
fingerprint tumor tissues and their matched normal mucosae. 
Our study demonstrated the metabolic perturbations of GC 
patients and contributed to the identification of potential 
metabolic biomarkers associated with GC morbidity. this 
technique is a potential alternative non-invasive means for GC 
detection.

Materials and methods

Chemicals and reagents. pyridine and N,O-bis(trimethylsilyl) 
trifluoroacetamide (BstFA) were purchased from sigma-
Aldrich (st. Louis, MO). Chromatogram-grade methanol, 
ethyl acetate and chloroform were purchased from sijia 
Chemicals Group Corp. (Guangzhou, China). reference 
standards of chromatogram grade such as methionine, phenyl-
alanine, proline, lysine, tyrosine, glutamate, lauric acid, palmitic 
acid, stearic acid, oleic acid, arachidonic acid, glucose and 
cholesterol were also purchased from sijia Chemicals Group 
Corp.

Patient recruitment and sample collection. the study protocol 
was approved by the Ethics Committee of The Sixth Affiliated 
Hospital, sun Yat-sen university, and informed consent was 
obtained from each participant prior to sample collection. 
Gastric tissues including tumor and adjacent matched normal 
mucosa from 30 patients were collected from freshly isolated 
resections carried out at The Sixth Affiliated Hospital, Sun 
Yat-sen university. All of the patients including 15 males 
(50%) and 15 females (50%) were of Chinese ethnic origin,  
and the patient age ranged from 39 to 88 years. None of the 
patients were diagnosed with metabolic diseases such as 
diabetes mellitus or hyperthyroidism. the tissue specimens 
were dissected by an experienced gastric surgeon, and adjacent 
normal mucosae were obtained at least 8 cm from the tumor 
margin. Histological differentiation, tumor stage (25) and 
resection margin were confirmed using routine histopatho-

logical H&e-stained specimens. the anatomical site, tissue 
histology, tumor grade and tNM stages are presented in 
Table Ⅰ. The specimens were carefully cleaned in saline water 
and immediately snap-frozen in liquid nitrogen within 30 min, 
labeled and stored at -80˚C until processing.

Specimen preparation for GC/MS analysis. Fifty milligrams 
of each tissue was transferred to 2.0-ml eppendorf tubes and 
lyophilized and extracted with 1.0 ml of a mixture of methanol/
chloroform (3:1, v/v) and vortexed for 30 sec (26). After 
storing for 10 min at -20˚C, the samples were subsequently 
centrifuged at 12,000 x g for 10 min at 4˚C, and 200 µl of the 
supernatant was collected separately from each sample and 
transferred to a 1.5-ml eppendorf tube. the collected super-
natant was concentrated to complete dryness using liquid 
nitrogen and maintained at -30˚C until analysis.

A total of 50 µl ethyl acetate (EA) was added to each of 
the dried tissue extracts, vortex-mixed for 1 min, and then 
100 µl derivatization reagent, a mixture of BSTFA, pyridine 
and eA (3:1:1, v/v/v), was added to the extract for derivatization 
for 16 h at room temperature (27). the resulting solution was 
then vortex for 1 min and transferred to an amber glass vial 
for GC/Ms analysis. In order to prevent a batch effect all 
assays were conducted at random in a double blinded manner.

One milligram of amino acids (methionine, phenylalanine, 
proline, lysine, tyrosine and glutamate), fatty acids (lauric 
acid, palmitic acid, stearic acid, oleic acid, arachidonic acid), 
glucose and cholesterol reference standard was dissolved in 
5 ml of pyridine to produce a final concentration of 200 µg/
ml. Each 200 µl of reference standard was transferred to 
2.0-ml eppendorf tubes and derivatized with the procedure 
illustrated above and prepared for GC/Ms analysis according 
to the methodology described below.

GC/MS analysis. GC/Ms analysis was performed using an 
Agilent 7890A Gas Chromatography system equipped with an 
Agilent DB-5MS capillary column (30x0.25 mm ID, 0.25 µm 
film thickness) with an Agilent 5975C series autosampler 
(Agilent Technologies). Each 1 µl aliquot of the derivatized 
solution or derivatized reference standard was injected in 
splitless mode, and helium was used as the carrier gas at a 
constant flow rate of 1.0 ml/min. The temperature of the inlet, 
transfer line, ion source and quadrupole was maintained at 
270, 260, 200 and 150˚C, respectively. The oven temperature 
programming was set to 2-min isothermal heating at 80˚C, 
followed by 10˚C/min oven temperature ramps to 180˚C, 5˚C/
min to 240˚C, and 10˚C/min to 260˚C, and a final 8-min 
maintenance at 260˚C. The mass spectrometry (MS) was 
operated at electron impact (eI) ionization mode at 70 eV. 
Data acquisition was achieved using Ms in an electron impact 
mode and full scan monitoring mode from m/z 30 to 600 with 
an acquisition rate of 20 spectra/sec. solvent delay time was 
set at 5 min.

Data processing for GC/MS and statistical analysis. After 
GC/Ms analysis, each sample or reference standard was 
represented by a GC/Ms total ion current (tIC) chromatogram. 
Among the detected peaks, a multi-dimensional vector was 
constructed manually to characterize the compounds (27-29). 
each vector was normalized to the total sum of the vector 
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intensities (27,28), and peaks attributed to column bleed and 
the derivatization reagent were removed. those peaks were 
taken into account provided they were consistently detected in 
at least 80% of samples (30). All of the detected peaks were 
identified by comparing both the MS spectra and the retention 
index (rI) (31) with those available in the National Institute of 
standards and technology (NIst) mass spectral library 
(Wiley registry, 9th edition, 2008) and customized reference 
mass spectral libraries (32). the mass spectra obtained were 
investigated carefully, and only those molecules with matching 
probability >80% were considered. Within each sample, the 
retention time (RT) and m/z data pairs were used as the identifier 
for each peak, and the ion intensities for each peak detected 
were then normalized to the sum of the peak intensities in that 

sample. to account for any difference in concentration between 
samples, all data were normalized to a total value of 100.

Normalized data were exported to sIMCA-p+ (version 
11.5, umetrics, umeå, sweden) to perform orthogonal partial 
least squares discriminant analysis (OpLs-DA) where grouping 
trends and outliers in the data were observed and a model was 
constructed to identify marker metabolites that differentiated 
GC and non-GC cohorts (33,34). From the normalized data, 
an indication of statistical significance was based on a 
non-parametric two-tailed paired Wilcoxon analysis performed 
with spss 13.0 for Windows (spss, Chicago, IL). p-values of 
<0.05 were considered as statistically significant. The fold 
change (FC) was based on the mean value of 30 GC specimens 
relative to the mean of non-GC specimens.

Table Ⅰ. Summary of the anatomical and clinicopathological characteristics of the GC patients.

patient    Anatomic  Depth of Lymph node tNM
 no. Age Gender race site Histology invasion metastasis stage

 1 61 M Chinese Antrum WDA t1 N0 IA
 2 56 M Chinese Body pDA t1 N0 IA
 3 42 M Chinese Body pDA t2 N0 IB
 4 65 M Chinese Body pDA t2 N0 IB
 5 65 M Chinese Gastric stump MDA t3 N0 IIA
 6 72 M Chinese Antrum MDA t3 N0 IIA
 7 76 M Chinese Body MDA t3 N0 IIA
 8 72 F Chinese Antrum pDA t3 N0 IIA
 9 77 F Chinese Body WDA t3 N0 IIA
 10 66 M Chinese Antrum pDA t3 N1 IIIA
 11 78 M Chinese Antrum pDA t3 N2 IIIB
 12 63 M Chinese Body pDA t3 N2 IIIB
 13 62 M Chinese Body pDA t3 N2 IIIB
 14 61 M Chinese Fundus pDA t3 N1 IIIA
 15 47 M Chinese Body pDA t3 N1 IIIA
 16 55 M Chinese Body pDA t3 N2 IIIB
 17 47 F Chinese Antrum pDA t3 N2 IIIB
 18 42 F Chinese stomach angle MDA t3 N1 IIIA
 19 40 F Chinese Antrum pDA t3 N2 IIIB
 20 82 F Chinese Antrum pDA t3 N1 IIIA
 21 51 F Chinese Body pDA t3 N1 IIIA
 22 69 F Chinese Antrum pDA t3 N1 IIIA
 23 39 F Chinese Body pDA t3 N2 IIIB
 24 77 F Chinese Body pDA t3 N1 IIIA
 25 61 M Chinese Body MDA t4 N1 IV
 26 56 F Chinese Antrum pDA t3 N3 IV
 27 61 F Chinese pylorus pDA t4 N3 IV
 28 47 F Chinese Body pDA t3 N3 IV
 29 88 F Chinese Cardia pDA t3 N3 IV
 30 66 F Chinese Cardia pDA t3 N3 IV

Age, in years. M, male; F, female; pDA, poorly differentiated adenocarcinoma; MDA, moderately differentiated adenocarcinoma; WDA, well 
differentiated adenocarcinoma.
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Results

GC/MS metabolic profiling and OPLS-DA modeling. typical 
GC/Ms tIC chromatograms of the tissue samples from tumor 
and normal mucosa are illustrated in Fig. 1A and B. Within 
one tIC chromatogram, over 100 signals were consistently 
detected in an individual sample. However, some of these peaks 
were not consistently noted in other sets of samples, were too 
low in concentration, or were of poor spectral quality to be 
confirmed as metabolites, and thus were not investigated 
further. As displayed in Table Ⅱ, a total of 41 compounds, 
such as amino acids, organic acids, carbohydrates, fatty acids 
and steroids, among the low-molecular-weight endogenous 
metabolites were detected sequentially in the tumor and 
normal mucosal tissues.

For the metabolic profile, the OPLS-DA model demon-
strated satisfactory modeling and predictive abilities using 
one predictive component and three orthogonal components 
(r2Ycum=0.607, Q2cum=0.486), achieving a distinct separation 
trend between the metabolite profiles of the two groups as 
shown in Fig. 2. However, a separate OpLs-DA model failed 
to discriminate normal mucosa and different pathological stages 
(I-IV) of GC tissues.

Analysis of highlighted metabolites. For OpLs-DA modeling, 
to identify which variables account for such a significant 

separation, VIp statistics was initially used to pre-select 
variables. As shown in table II, according to the criterion for 
VIp statistics (VIp >1), a total of 20 variables were obtained 
which contributed most toward discriminating the metabolic 
profiles between the two classes. Wilcoxon test (p<0.05) was 
used to investigate differences in the biomolecules in the tumor 
and normal mucosal samples. A total of 15 metabolites including 
carbohydrates, amino acids, fatty acids and steroids was detected 
with significant differences as displayed in Table II. Intriguingly, 
7 of the metabolites detected were found to be up-regulated in 
cancer tissues, while 8 were down-regulated. Octadecanoic 
acid was the metabolite found to be increased to a greater 
extent in tumor tissues, showing the greatest fold change 
(FC, 1.69) while squalene was the metabolite most extensively 
depleted (FC, -2.73). Meanwhile 12 metabolites were identified 
using both VIp values (VIp >1) and the Wilcoxon test 
(p<0.05).

Discussion

The use of GC/MS in the metabolic profiling of esophageal 
cancer (19), colorectal cancer (10,26,27,35), liver cancer (16), 
bladder cancer (30) and ovarian cancer (32) has been reported, 
while few studies have investigated the metabolic profiles of 
GC tissue. This study explored the metabolic fingerprinting of 
GC tumor specimens and their matched normal mucosa. A 

Figure 1. typical GC/Ms total ion current (tIC) chromatograms. (A and B) Within one tIC chromatogram, over 100 signals were commonly detected in a 
single normal gastric mucosa or tumor tissue sample. (C) A base peak at the retention time of 16.886 (min) was extracted and magnified. (D) Mass spectrogram 
at the peak summit was selected, and compounds were identified via mass spectral match with National Institute of Standards and Technology library. The 
m/z values with the first three highest abundances of the fragmentation patterns were 74.1, 43.1 and 143.0.
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Table Ⅱ. Differential tissue metabolites derived from GC/MS chromatograms.

 retention m/z m/z m/z Match  Chemical VIp
Key time no.1a no.2a no.3a (%)a Compoundb class valuec p-valued FCe

 1 5.663 69.0 44.0 207.0 80 Glycine Amino acid 1.03428 0.242 1.46
 2 6.128 80.1 51.0 108.0 91 β-alanine Amino acid 0.34774 0.897 -1.06
 3 7.836 133.1 69.0 44.0 94 β-hydroxypyruvic acid Organic acid 0.52023 0.545 -1.1
 4 7.965 69.0 44.0 113.0 83 β-mercaptoethylamine Amino acid 1.12688 0.220 1.31
 5 8.056 6.0 43.0 113.0 84 Arginine Amino acid 0.01426 0.955 1.10
 6 8.936 69.1 43.1 179.1 81 propanedioic acid Organic acid 0.10248 0.990 -1.02
 7 9.220 69.0 43.0 91.0 85 phenylalanine Amino acid 1.31881 0.305 1.59
 8 9.641 73.1 44.0 189.1 89 l-Leucine Amino acid 1.61764 0.054 -1.60
 9 10.715 43.1   71.1 155.2 84 Maleamic acid Organic acid 0.12943 0.657 -1.04
 10 11.588 69.1   43.1 191.1 85 succinic acid Organic acid 0.20359 0.773 1.04
 11 12.118 43.1   57.1 71.1 90 Fumaric acid Organic acid 1.80591 0.043 1.31
 12 12.519 71.0 43.0 111.0 86 Valeric acid Organic acid 1.28267 0.035 1.08
 13 13.820 147.0 206.1 69.0 94 L-(+)-Lactic acid Organic acid 0.39049 0.563 1.17
 14 14.589 206.0 174.0 69.0 89 α-ketoglutaric acid Organic acid 1.22431 0.022 1.68
 15 14.641 69.1 43.1 206.1 99 tetradecanoic acid Fatty acid 0.40702 0.371 -1.07
 16 14.758 69.1 43.1 147.0 92 Dodecanamide Fatty acid 0.48839 0.642 -1.07
 17 15.100 69.0 43.0 206.1 86 d-Glucose Carbohydrates 1.06983 0.344 1.22
 18 15.269 71.1   43.1 147.1 96 l-pantoyl lactone Others 0.15639 0.466 -1.05
 19 16.129 149.0 75.0 206.0 81 Xylonic acid Fatty acid 0.80958 0.043 1.06
 20 16.588 69.0 43.1 147.1 87 9-Hexadecenoic acid, (Z)- Fatty acid 1.55650 0.015 -1.47
 21 16.750 69.0 43.0 206.0 82 3-Hydroxybutanoic acid Organic acid 1.47481 0.047 -1.55
 22 16.886 74.1 43.1 143.0 95 Hexadecanoic acid Fatty acid 1.27088 0.042 -1.16
 23 17.513 149.0 57.1   85.1 99 pentadecanoic acid Fatty acid 1.20398 0.202 1.25
 24 17.733 69.1 43.1 111.1 92 Octadec-9-enoic acid Fatty acid 0.70704 0.428 -1.22
 25 18.082 69.1 43.1   91.1 88 ricinoleic acid Fatty acid 0.53291 0.642 -1.11
 26 18.639 69.1 43.1 111.1 84 Non-ahexacontanoic acid Fatty acid 1.16535 0.335 1.15
 27 18.839 147.1 238.1 206.1 90 2,4(1H,3H)-pteridinedione Others 0.21137 0.475 1.02
 28 19.519 238.1 147.1 206.1 83 Benzenepropanoic acid Organic acid 1.20360 0.010 1.17
 29 19.978 74.0 43.1 143.1 99 Heptadecanoic acid Fatty acid 0.48759 0.853 1.03
 30 20.715 75.1 43.0 105.1 98 Octadecanoic acid Fatty acid 1.53003 0.032 1.69
 31 20.838 59.1 85.0 117.1 93 Hexadecanamide Fatty acid 0.46131 0.382 1.05
        amide
 32 21.601 69.0   43.1 97.0 80 Decanoic acid Fatty acid 1.09565 0.067 1.11
 33 21.918 69.1   43.1 111.0 83 cis-Vaccenic acid Fatty acid 0.65492 0.038 -1.11
 34 22.087 69.0 43.0 281.0 99 Arachidonic acid Fatty acid 1.05918 0.011 -1.44
 35 23.109 207.0 69.0 239.1 95 eicosanoic acid Fatty acid 0.35842 0.316 1.14
 36 23.477 239.1   57.1   85.1 93 1-phenanthrene- Organic acid 1.68511 0.031 1.60
       carboxylic acid
 37 23.671 43.0 69.0 207.1 97 9-Octadecenamide, (Z)- Fatty acid 0.95007 0.041 -1.23
        amide
 38 24.053 59.0 104.9 207.0 87 Octadecanamide Fatty acid 0.55837 0.416 1.07
        amide
 39 24.959 91.1   57.1 207.0 80 Ascorbyl palmitate Fatty acid 1.04819 0.376 1.10
 40 26.019 43.0 105.1 386.4 86 Cholesterol steroids 0.76534 0.545 1.27
 41 30.347 207.0 281 135.1 83 squalene Others 1.53295 0.015 -2.73

aThe first three fragment-ion m/z values with the highest abundance within each fragmentation pattern and the matching percentage with the 
NIst library were listed. bMetabolites were identified using an available standard reference or NIST library databases. cVariable importance in 
the projection (VIp) was obtained from OpLs-DA with a threshold of 1.0. dp-value and fold change (FC) were calculated using the non-
parametric Wilcoxon test (significance at p<0.05). eFC with a positive value indicates a relatively higher concentration present in the tumor 
specimen, while a negative value means a relatively lower concentration as compared to the normal mucosal sample.
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multivariate statistical method, OpLs-DA, coupled with a 
univariate statistical method, Wilcoxon test, were adopted in 
this study, and selection of highlighted metabolites was 
performed using two parameters, a threshold of 1.0 by VIp 
and a p-value set to 0.05, to identify variables with biological 
significance as end-points of altered interdependent biochemical 
pathways.

OpLs-DA modeling for the observation of overall sepa-
ration trends between cancer and non-cancer cohorts has been 
adopted in human colorectal and bladder cancer (26,27,30,35). 
previous studies indicate that the supervised model is a robust 
model for discrimination. the OpLs-DA model derived from 
our present GC/Ms metabolic analysis showed satisfactory 

and adequate separations between the GC and non-GC cohorts, 
indicating the diagnostic potential of GC metabolic finger-
printing. It has been reported that the unsupervised pCA model 
also separates GC tissues from normal mucosae (36). Our 
attempt to stratify GC patients according to tNM staging (stage 
I-IV) was not successful. thus, we infer that metabolic 
phenotypic perturbations may not be directly associated with 
different GC pathological stages in GC tumor or serum metabolic 
profiles. We also conceive that GC/Ms analysis may not be 
sensitive enough to discriminate between different tNM stages.

the GC/Ms analysis also revealed several marker meta-
bolites related to the metabolic disturbance in GC tissue as 
shown in Fig. 3. these marker metabolites include carbohydrates, 
amino acids, fatty acids, cholesterol and other low-molecular-
weight organic acids, which suggest that they play certain 
roles in the onset of GC. First of all, a significant increase in 
several components of aerobic glycolytic pathways, such as 
fumaric acid and α-ketoglutaric acid was noted in the tumor 
tissues. this enhanced carbohydrate consumption in tumors 
suggests there may be a switch to the Warburg effect (37). It 
has been reported that cancer cells predominantly produce 
energy by glycolysis rather than oxidative phosphorylation via 
the tricarboxylic acid (tCA) cycle (38). promotion of glyco-
lysis and disruption of the tCA cycle were also noted in 
invasive ovarian carcinoma (32), liver cancer (39) and colo-
rectal cancer (40). Abnormal metabolism of carbohydrates 
may be associated with tumor growth with a large energy 
requirement needed for aggressive cell proliferation. Moreover, 
enhanced glucose uptake appears to be a metabolic feature of 
cancer cells, although the metabolic mechanisms linking 
increased aerobic glycolysis to the development of cancer still 
remain controversial (41).

Another notable feature of the present analysis was the 
alteration of fatty acid metabolism in GC tissues. the level of 

Figure 2. Establishment of the OPLS-DA model. The figure illustrates the 
score plot of OpLs-DA modeling for tissue metabolomic data. the normal 
mucosa group tended to cluster to the left region, while the GC tissue group 
generally clustered to the right area. the OpLs-DA models demonstrated 
satisfactory modeling and achieved a fairly distinct separation between the 
metabolite profiles of the two groups.

Figure 3. Alteration of the metabolic profile in GC tissues. The model illustrates various prominent aspects of metabolic alteration from normal mucosa to the 
tumor. the increased level of fumaric acid and α-ketoglutaric acid indicates the enhanced glycolytic pathway. Altered fatty acids and cholesterol levels in 
tumor cells suggest the dysfunction of lipid and cholesterol metabolism. Altered amino acids such as leucine, phenylalanine and arginine take part in the tCA 
cycle in some manner, and this feature may be noted as an indication for the perturbation of amino acid metabolism.
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a wide spectrum of fatty acids particularly unsaturated fatty 
acid such as 9-hexadecenoic acid, cis-vaccenic acid and 
arachidonic acid was found to be significantly decreased in 
tumor tissues when compared to the adjacent mucosa tissues. 
the level of hexadecanoic acid was also found to be signi-
ficantly decreased in tumor tissues while the level of 
octadecanoic acid was found to be elevated. the lower level of 
3-hydroxybutanoic acid, the end-point product of fatty acids 
β-oxidation, was also detected in the tumor tissues. Fatty acid 
metabolic alterations have been observed in several other 
cancer types. Saturated fatty acids were found significantly 
increased in lung cancer tissues, while unsaturated fatty acids 
were decreased in lung cancer tissues (42). Comparatively, 
saturated fatty acids such as non-adecanoic acid, stearic acid 
and heptadecanoic acid were found to be significantly decreased 
in invasive ovarian carcinomas when compared to ovarian 
border-line tumors (32). As reported, the level of fatty acids 
from C-12 to C-22 together with various glycerols was found 
to be significantly elevated in colorectal polyps and colorectal 
cancer tissues as compared to adjacent mucosa tissues (27). 
Fatty acids are used for both structural purposes and energy 
production, such as β-oxidation. These findings indicate the 
dysfunction of cell membrane synthesis and fatty acid 
β-oxidation metabolism, which is confirmed by previous 
research (43), and different fatty acids may play their respective 
role in the process of lipid metabolism.

Although the decrease in cholesterol was not as significant, 
a significant decrease in squalene, the intermediate product of 
cholesterol synthesis, revealed that the synthesis of cholesterol 
was inhibited in GC cells. It has been reported that the genes 
encoding two key enzymes in cholesterol synthesis are located 
in chromosome 5 (44,45), which has been shown to be the 
location of one of the genes involved in the adenoma-carcinoma 
sequence (46,47). It is possible that deletions in genes on 
chromosome 5 lead both to decreased cholesterol synthesis 
and to the progression of adenoma to cancer. the present 
study suggests that a metabolic variation in cholesterol levels 
may be related to GC tumorigenesis.

perturbations of amino acid metabolism in GC tissues 
were also noted in the present study. A lower concentration of 
leucine was detected with significant difference, while glycine 
(FC, 1.46), phenylalanine (FC, 1.59) and arginine (FC, 1.1) were 
detected with elevated concentrations although no statistical 
significances were confirmed. Leucine is one type of ketogenic 
amino acids while glycine and arginine belong to the gluco-
genic amino acids. phenylalanine is one of the glucogenic and 
ketogenic amino acids. their intermediate products such as 
acetyl coenzyme A, α-ketoglutaric acid and fumaric acid 
participate in the tCA cycle. As reported, branched chain amino 
acids have been found to be increased in hepatocellular carci-
noma due to increased glycolysis (48,49). The present findings 
may indicate the involvement of glycolysis, and we believe 
that GC cells selectively utilize amino acids in pathophysio-
logic metabolism. several essential and non-essential amino 
acids including phenylalanine, proline, methionine, lysine and 
glutamate have been found stepwisely and significantly 
increased from colonic mucosa through polyps to colorectal 
cancer, suggesting that an increase in protein synthesis is 
essential for rapidly growing tumor cells (27). the present 
results also indicate that abnormal protein synthesis occurs in 

GC cells, and the altered amino acids are phenotypic markers 
for abnormal protein synthesis.

In summary, utilizing the highly sensitive metabolomic 
technique, we identified signature metabolic shifts in GC 
tissues with multivariate and univariate statistical significance. 
The unique metabolic profiles generated by GC/MS revealed 
metabolic perturbations in GC cells. the results of this study 
also indicate the potential of this efficient robust profiling 
approach for detection of GC. In light of this, many differential 
endogenous biomarkers as well as macromolecular metabolites 
warrant further investigation and are yet to be identified. The 
next step in our study will include the identification of key 
differential biomarkers and the investigatin of the metabolic 
shift of various macromolecular metabolites.
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