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Abstract. Biomarkers may be of value for the early detection of 
gastric cancer (GC) and the preoperative identification of tumor 
characteristics to guide treatment strategies. The present study 
analyzed the expression levels of phospholipids in plasma from 
patients with GC using liquid chromatography/electrospray 
ionization‑mass spectrometry (LC/ESI‑MS) to detect reliable 
biomarkers for GC. Furthermore, combining the results with 
a machine learning strategy, the present study attempted to 
establish a diagnostic system for GC. A total of 20 plasma 
samples from preoperative patients with GC and 16 plasma 
samples from tumor‑free patients (controls) were selected 
from our biobank named ‘SHINGEN (Yamanashi Biobank 
of Gastroenterological Cancers)’, which includes a total of 
1,592 plasma samples, and were analyzed by LC/ESI‑MS. 
The obtained data were discriminated using a machine 
learning‑based diagnostic algorithm, whose discriminant 
ability was confirmed through leave‑one‑out cross‑validation. 
Using LC/ESI‑MS, the levels of 236  lipid molecules were 
determined. Biomarker analysis revealed that a few lipids 
that were downregulated in the GC group could discriminate 

between the GC and control groups. Whole lipid composition 
analysis using partial least squares regression revealed good 
discrimination ability between the GC and control groups. 
Integrative analysis of all molecules using the aforementioned 
machine learning method exhibited a diagnostic accuracy of 
94.4% (specificity, 93.8%; sensitivity, 95.0%). In conclusion, 
the outcomes of the present study suggested the potential 
future application of the aforementioned system in clinical 
settings. By accumulating more reliable data, the present 
system will be able to detect early‑stage cancer and will be 
capable of predicting the efficacy of each therapeutic strategy.

Introduction

Gastric cancer (GC) is the fifth most commonly diagnosed 
type of cancer worldwide, and the majority of patients with 
early GC are curable by appropriate treatments (1). Patients 
with advanced GC, however, have a poor prognosis, despite the 
progress achieved in various treatment strategies, including 
extended surgical resections and intensive chemotherapy, 
with or without the use of molecular targeted treatments. 
Preoperative chemotherapy has been demonstrated to be 
beneficial in certain subgroups of patients with GC (2,3). 
Therefore, early detection of this lethal disease is critical, and 
the preoperative identification of tumor characteristics can 
guide decision‑making regarding the selection of the most 
appropriate treatment strategies. Toward these ends, various 
serum tumor markers have been established and utilized in 
clinical practice (4). Although they are widely used as supple‑
mentary information for diagnosis, their diagnostic accuracy, 
as well as their specificity and sensitivity for GC, have yet to 
be optimized (5). 

Comprehensive molecular analyses have recently eluci‑
dated various genetic and epigenetic alterations in several 
types of cancer, and numerous studies in which circulating 
cell‑free nucleic acids have been analyzed have reported the 
potential utility of blood molecular biomarkers  (6). Blood 
biomarkers identified in the serum, plasma or other biological 
fluids derived from patients have several advantages, such as 
overcoming the undependability due to the tumor heteroge‑
neities, and the feasibility of repeated sample collection. It 
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has also been demonstrated that numerous metabolites are 
involved in carcinogenesis and cancer progression. In order 
to comprehensively identify and analyze the genetic and 
metabolic variations that are involved in carcinogenesis and 
cancer development, mass spectrometry (MS) techniques and 
devices are useful in the medical field (7). In addition, results 
of integrative metabolomic analyses using machine learning 
methods have been reported (8,9). It is expected that these 
technologies will become generally available, particularly for 
establishing a cancer diagnosis. Endoscopic examination, the 
gold standard for a definitive GC diagnosis, has revealed that a 
white opaque substance is a novel endoscopic finding in gastric 
neoplasms, indicating that there is intracellular accumulation 
of lipid droplets in GC (10,11). Therefore, a lipidomic approach 
to GC has attracted great research attention.

In recent clinical settings, not only surgical or endoscopic 
curative resection, but also perioperative combined treatments, 
such as neoadjuvant and/or adjuvant chemotherapies, are often 
practiced and have greatly affected survival outcomes (2,3). 
However, it is challenging to select the best treatment at the 
best time, as clinical situations vary constantly. Thus, in addi‑
tion to achieving early cancer detection, it is necessary to 
identify and develop novel biomarkers for precision medicine 
to provide a highly effective and low‑risk treatment to each 
individual patient. Various studies have been published on the 
expression of cancer‑specific biomolecules in non‑cancerous 
and cancerous tissues, including studies using MS (12‑16). It 
is important to compare the differences between cancerous 
and non‑cancerous tissues, or between patients with cancer 
and healthy volunteers (HVs) without any history of cancer, in 
order to identify cancer‑specific molecules that can be useful 
in the early detection of cancer. In the future, personalized 
medicine will be more important in order to select the best 
treatment strategies for individual cases. Therefore, the present 
study conducted a comprehensive lipidomic approach using 
MS and a machine learning method to provide the basis of 
precision medicine for GC. Lipid metabolism is attracting 
increasing attention in tumor development and numerous 
other diseases. In particular, phospholipids have been reported 
to play important roles in various cancers (17‑19). In addition, 
peripheral blood samples have a broad diagnostic utility due to 
their ease of use and accessibility, in contrast to tissue samples, 
which can be obtained only by surgical resection or biopsy 
with relatively highly invasiveness (20,21). Thus, methods such 
as liquid biopsy, which can be used to analyze primary tumors 
using body fluids, including blood, urine, digestive juice and 
cerebral spinal fluid, are an attractive research focus (22,23).

The present study analyzed the levels of phospholipids in 
plasma derived from patients with GC by using liquid chroma‑
tography/electrospray ionization‑MS (LC/ESI‑MS), a method 
which accurately identifies and quantifies lipid molecules. 
Furthermore, the present study aimed to establish a machine 
learning‑based diagnostic algorithm for GC.

Materials and methods

Biobank establishment. A human biobank named ‘SHINGEN 
(Yamanashi Biobank of Gastroenterological Cancers)’, was 
established, which included frozen tissue, cell and fluid 
samples obtained from January 2018 until the present date. 

The tissue samples were derived from primary and metastatic 
malignant tumors, and from adjacent non‑tumor tissues. 
Cellular and liquid components from the intraperitoneal 
lavage of patients collected during surgical procedures were 
obtained following centrifugation at 2,000 x g for 10 min at 
4˚C. Peripheral blood samples, including plasma and serum, 
were obtained from patients at various time points during 
clinical interventions or observations without treatment. For 
the preparation of the plasma samples, 5 ml peripheral whole 
blood was collected from each patient using vacuum blood 
sampling tubes containing the anticoagulant reagent EDTA 
(NP‑EN0507; NIPRO Corp.). The tubes were immediately 
centrifuged at 2,000 x g for 10 min at 4˚C. Serum samples 
were collected using vacuum blood sampling tubes containing 
separating agents and coagulation accelerators (VP‑AS074K; 
Terumo Corp.). After incubation at 4˚C for 30 min, the tubes 
were centrifuged following the aforementioned method. The 
plasma and serum samples obtained upon centrifugation were 
stored at ‑80˚C until further analysis. Samples from patients 
with various digestive malignancies, such as GC, esophageal 
cancer, colorectal cancer, pancreatic cancer and hepatocel‑
lular carcinoma were included in the SHINGEN biobank. 
Furthermore, samples from patients who underwent subse‑
quent surgical resection according to clinical guidelines after 
radical resection for their early cancer, were also included 
in this biobank. Of note, the majority of such patients had 
no residual malignancies at the time of surgery and/or blood 
sample collection.

Patient clinical information and ethical concerns. Patient 
clinical information, including pathological findings, was 
obtained from the electronic medical recording system at 
University of Yamanashi Hospital (Yamanashi, Japan). The 
pathological findings of GC were defined according to the 
Union for International Cancer Control classification of malig‑
nant tumors (8th edition) (24). This information was stored in 
the database of the biobank. The biological sample collection 
in the SHINGEN (#1665) biobank and the study design (#2192) 
were approved by the Ethics Committee of the University of 
Yamanashi, and the study was performed in accordance with 
the ethical standards of the Declaration of Helsinki and its 
later amendments (25). Written informed consent for the use 
of biological samples and clinical data was obtained from all 
the patients.

Inclusion and exclusion criteria. Between January  2018 
and April 2020, a total of 1,592 blood plasma samples from 
patients who were treated at the First Department of Surgery 
at the University of Yamanashi Hospital, were collected 
prospectively in the SHINGEN biobank. A total of 910 plasma 
samples were obtained during the intra‑ or post‑intervention 
period, and 682 were collected during the preoperative 
phase. Of these, 16 patient samples were set as the control 
group. These samples were obtained from patients who 
received additional resection after endoscopic resection for 
early tumors (12 patients with GC, 2 with esophageal cancer 
and 2 with colorectal cancer) and who were confirmed to 
have no residual malignancies based on their postoperative 
pathological findings. Of the remaining 666 plasma samples, 
152 were from patients with GC and 514 from patients with 



ONCOLOGY LETTERS  21:  405,  2021 3

other malignancies. After excluding patients with GC who had 
no lymph node metastasis based on their preoperative clinical 
findings and those who underwent non‑radical resection with 
residual tumors, 20 patients with advanced GC were analyzed 
in the present study. The patient flow diagram is shown in 
Fig. S1.

LC/ESI‑MS. A total of 10 µl human plasma was added into 
990 µl 0.1% formic acid in methanol, and the sample solu‑
tion was mixed using ThermoMixer C (Eppendorf) for 5 min 
at 4˚C. After incubation on ice for 10 min, the sample solu‑
tion was centrifuged at 15,000 x g for 10 min. The resultant 
supernatant was 2‑fold diluted using 0.1% formic acid in 
methanol, and 300 µl diluted supernatant was applied into a 
LabTotal Vial (Shimadzu Corporation). The vial was inserted 
to the sample rack of the autosampler (Nexera X2 SIL‑30AC; 
Shimadzu Corporation), and 3 µl sample was injected into the 
column for LC separation.

LC/ESI‑MS was performed using the high‑pressure 
LC installed LCMS‑8060 (Shimadzu Corporation) system. 
To analyze the lipid components in human plasma, the 
LC/MS/MS Method Package for Phospholipid Profiling 
(Shimadzu Corporation) was used following the manufacturer's 
instructions. Kinetex C8 column (Kinetex C8, 150x2.1 mm 
i.d., 3.6‑µm particle size; Phenomenex), mobile phase A 
(20 mM ammonium formate in water) and mobile phase B 
(acetonitrile: Isopropanol 1:1 v/v) were used for LC separa‑
tion. The concentration of mobile phase B was programmed as 
20% (0 min)‑20% (1 min)‑40% (2 min)‑92.5% (25 min). The 
oven temperature was 45˚C. Data processing and molecular 
identification/quantification were performed automatically by 
using the LabSolutions software (version 5.82 SP1; Shimadzu 
Corporation).

Statistical analysis. Age and tumor size were represented as 
the mean ± standard error of the mean. Statistical evaluation 

of the gender ratio between the two groups was performed 
using the χ2 test. The relative ion intensities of each molecule 
between the control and GC groups were calculated as the 
ratio of the mean values in each group. The variance of 
continuous values was confirmed by unpaired t‑test. All statis‑
tical analyzes, receiver operating characteristic (ROC) graphs 
and box plots were performed using EZR (Saitama Medical 
Center, Jichi Medical University, Saitama, Japan), which is a 
graphical user interface for R (The R Foundation for Statistical 
Computing, Vienna, Austria) (26). Comparisons among groups 
were performed using partial least squares (PLS) regression 
according to a previously reported protocol (27). PLS regres‑
sion is usually performed to compare the characteristics of 
the samples and to classify certain groups. In the present 
study, this method was used to determine the discriminability 
between the GC group and the control group before applying 
the machine learning approach.

Diagnostic algorithm. To construct the diagnostic algorithm 
of GC, logistic regression (LR), a type of machine learning 
method, was used for discriminant analysis. The expression 
levels (peak area in the chromatogram) of 536 lipid molecules 
obtained from each plasma sample were individually normal‑
ized by the median value. The normalized datasets of control 
and cancer were learned by LR, and blinded samples were 
classified as cancer or not. The cancer possibility was indicated 
as the probability value (0.0‑1.0). The procedure and math‑
ematical formulae used were those described in our previous 
study (27). The predictive accuracy of the LR classifier was 
evaluated by using a leave‑one‑out cross validation (LOOCV) 
procedure (28). These procedures are shown in Fig. S2.

Results

Patient characteristics. The clinicopathological character‑
istics of the patients are summarized in Table I. There were 

Table I Characteristics of controls and patients with GC.

Variables	 Control (n=16)	 GC (n=20)	 P‑value

Comparison between control and GC			 
  Age (mean ± SD)	 71.2±10.3	 67.1±12.1	   0.285
  Sex, n (male/female)	 9/7	 11/9	 0.999
Cancer specific variables			 
  Tumor size, mm (mean ± SD)		  66.4±49.9	
  CEA, n (<5/≥5 ng/ml)		  17/3	
  CA19‑9, n (<37/≥37 U/ml)		  14/6	
  T‑factor, n (T1/2/3/4)		  2/3/8/7	
  N‑factor (N0/1/2/3)		  2/5/6/7	
  M‑factor, n (M0/1)		  19/1	
  Stage, n (I/II/III/IV)		  0/10/9/1	
  Lymphatic invasion, n (negative/positive)		  1/19	
  Venous invasion, n (negative/positive)		  2/18	
  Pathological subtypes, n (differentiated/undifferentiated)		  10/10	

GC, gastric cancer; CEA, carcinoembryonic antigen; CA19‑9, carbohydrate antigen 19‑9.
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Table II. Candidate markers of phospholipids for GC.

Candidate molecule	 Relative expression levels (GC/control)	 P‑value (‑log10)

Dominant in control		
  LPC(22:6)	 0.424	 6.410
  PC(42:9)	 0.399	 4.720
  SM(40:1)	 0.579	 4.680
  LPC(20:5)	 0.502	 3.970
  PC(36:1)	 0.732	 3.850
  PC(40:7)	 0.680	 3.600
  PC(40:1)	 0.329	 3.590
  LPC(20:0)	 0.646	 3.460
  LPC(18:2)	 0.644	 3.290
  LPC(22:0)	 0.572	 3.290
Dominant in GC		
  PE(36:2‑18:1/18:1)	 1.590	 1.800
  PE(36:1‑18:0/18:1)	 1.508	 0.970
  PC(38:3‑18:2/20:1)	 1.253	 0.790
  PC(34:3‑16:1/18:2)	 1.235	 0.720
  PE(34:2‑16:0/18:2)	 1.270	 0.560
  PE(34:1)	 1.180	 0.550
  PE(34:2)	 1.207	 0.490
  PE(34:3)	 1.397	 0.480
  PE(36:3)	 1.272	 0.420
  PC(34:2)	 1.053	 0.380

GC, gastric cancer; LPC, lysophosphatidylcholine; PC, phosphatidylcholine; SM, sphingomyelin; PE, phosphatidylethanolamine.

Figure 1. Receiver operating characteristic curves and comparison of the expression levels for each lipid marker candidate for GC. The top six candidates domi‑
nant in control plasma and the top three in the GC group are shown. Each bracket shows the number of carbon and double bonds included. A.U., arbitrary unit; 
AUC, area under the curve; GC, gastric cancer; LPC, lysophosphatidylcholine; PC, phosphatidylcholine; SM, sphingomyelin; PE, phosphatidylethanolamine.
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no differences in the age or sex of the patients between the 
two groups. The GC group included numerous patients with 
advanced GC who exhibited deep invasion, extensive lymph 
node metastasis and severe lymphovascular invasion. By 
contrast, tumor markers such as carcinoembryonic antigen 
(CEA) and carbohydrate antigen  19‑9 (CA19‑9) were not 
higher than the standard values in the majority of patients, 
despite being generally used as biomarkers of GC. Although 
three patients in the GC group had postoperative cancer recur‑
rence during the follow‑up period, none of the patients in the 
control group had residual malignancies or recurrences.

Lipid biomarkers of GC. The simultaneous analysis of the 
plasma lipidome using LC/ESI‑MS identified and quantified 

a total of 236 phospholipid molecules. The top ten molecules, 
which were up‑ or downregulated in the GC group, are 
listed in Table  II. Of these, PE(36:2‑18:1/18:1) showed the 
most remarkable upregulation in the GC group. By contrast, 
LPC(38:2) exhibited the most marked difference in relative 
expression in the control group, as a result of its suppression in 
the GC group. Overall, there was a downregulation trend for 
the ion intensities of the majority of molecules in GC plasma. 
The results of detailed analyses comparing the ion intensities 
between the GC and control groups, and the ROC curves 
with each area under the curve are shown in Fig. 1. These 
results suggested that certain lipid molecules, particularly the 
downregulated lipids, can be used as biomarkers for GC. In 
addition, the results of the PLS score plot indicated that the 
lipid composition of GC plasma is specifically changed, and 
can be used in discriminant analysis (Fig. 2).

Discrimination of GC by machine learning. Fig.  3A and 
Table SI show the individual value of cancer probability in 
each plasma sample by using discriminant analysis with 
LOOCV. When a threshold of 0.5 was set for the probability of 
a sample being cancerous, each characteristic of each patient 
was distinguished. Although the correct characteristics of 
only one patient in each group could not be detected, a correct 
classification of subjects in the GC and control groups was 
achieved with an accuracy of 94.4% for almost all patients 
in both groups. The specificity and sensitivity were 93.8 and 
95.0%, respectively. Furthermore, the area under the ROC 
curve was 0.928 (Fig. 3B).

Discussion

The present study analyzed the expression levels of phos‑
pholipids, including phosphatidylcholine, sphingomyelins 
and phosphatidylethanolamine, in peripheral blood samples. 
Although these molecules are universally present in the whole 
body, certain plasma lipid molecules showed pronounced 
differences between the cancer‑free controls and the patients 
with GC. However, the discrimination probabilities for each 
individual molecule were insufficient as an independent 
diagnostic tool. Therefore, an integrative analysis of all these 
molecules using a machine learning method was performed, 
aiming to establish more useful diagnostic systems with a 
higher accuracy. Compared with the results obtained using 
conventional GC markers, such as CEA and CA19‑9, the 
results of integrative analysis showed a much higher sensitivity 
and specificity.

In discrimination analysis using LOOCV, correct results 
were not achieved for all the patients in each group. Regarding 
patient GC no. 13 (Fig. 3; Table SI), who was not determined as 
a correct cancerous characteristic, the patient had no specific 
characteristics observed besides pathological findings of 
T3N2M0 and non‑elevation of both CEA and CA19‑9. In the 
control group, patient control no. 15 (Fig. 3; Table SI), who did 
not display non‑cancerous characteristics after discrimination, 
was after endoscopic resection for early surficial esophageal 
cancer. This could be one of the reasons for the inaccuracy of 
the results. Although further comparative analyses with strict 
setting of control specimens may be necessary to establish clini‑
cally useful diagnostic algorithms with a higher accuracy, our 

Figure 2. Evaluation of distinguishability between the GC and control 
groups by PLS regression. Blue and red plots indicate the control and 
GC group, respectively. Scatter plots were depicted using PLS scores 1 and 2. 
PLS, partial least squares; GC, gastric cancer.

Figure 3. Results of discriminant analyses by machine learning for each 
patient and ROC curve. (A) Cancer probability in each patient. (B) ROC 
curve of probability by machine learning‑based algorithm. The accuracy 
rate was 94.4%. The AUC was 0.928, and the specificity and sensitivity were 
93.8 and 95.0%, respectively. AUC, area under the curve; ROC, receiver 
operating characteristic.
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results suggest that, at least for advanced GC, using machine 
learning methods may be useful for the detection of GC.

To achieve significant accuracy in studies comparing 
patients with and without cancer, it is crucial to use the 
appropriate methodology for selecting the control specimens. 
Control specimens are frequently collected from ‘HVs’; 
however, there is often an age difference between patients 
with and without cancer, as the latter tend to be much younger 
than the former. This can significantly affect the results of the 
analysis, particularly in a lipidomic study, since the differences 
in the systemic metabolism associated with the patients' back‑
ground and age are likely to be large (29). Previous studies 
have reported lipidomic approaches for cancer diagnosis using 
blood samples. For example, Guo et al (18) demonstrated that 
serum phospholipids were useful biomarkers for the different 
pathophysiological states of lung, gastric, intestinal and pancre‑
atic cancer. Consistent with our results, the authors found that 
PC(34:2) was one of the six molecules that was increased in 
patients with GC. By contrast, Lee et al (19), reported that 
patients with GC had increased levels of LPC(18:2), and 
decreased levels of PC(34:2) and PE(36:3). One of the reasons 
for this discrepancy may be the control groups used in the 
different studies. In fact, in one report, the individuals in the 
control group were ~10 years younger than the patients in the 
GC group.

To prevent such a background bias, the present study used 
control plasma samples from patients who had underwent 
endoscopic resection for their early cancer months before the 
collection of biological samples for the SHINGEN biobank. For 
these patients, the clinical guidelines recommend additional 
surgical resection for their risk of lymph node metastases, 
and indeed this is commonly performed (30‑32). However, the 
risk of metastases was generally low, and in the present study, 
there was no remaining cancer or metastasis in postoperative 
pathological findings. Therefore, in the present study, these 
cancer‑free patients could be used as the control group in 
the different comparisons against the group of patients with 
advanced GC. By selecting this control group, the patients' 
background, including age and gender, were similar between the 
two groups. In addition, patients' status such as nutritional status, 
liver disorder or lipidemic disorder may affect the levels of 
plasma phospholipids. To investigate the effects of these factors, 
stratified analyses were performed for presence or absence of 
liver or lipidemic disorders. As a result, there were no obvious 
differences between patients with and without liver or lipidemic 
disorders in terms of specific phospholipid expression levels 
in the present study (data not shown). However, this should be 
further investigated in future studies using a large‑scale cohort.

Concerning the control group settings, we previously 
performed the similar examinations to those described in 
the present study using plasma samples derived from HVs. 
Although each indicated molecule showed various expression 
levels in the HV group compared with those of the control and 
GC samples (Fig. S3), PLS analysis for the three groups (control, 
GC and HV) showed different characteristics for each group 
and good probability of discriminating each other (Fig. S4). 
This result means that amplification of the database to include 
HV samples should be considered for cancer screening during 
health checks, and that the integration analyses using machine 
learning methods presented in the current study contribute to 

discriminating each group. It appears to be reasonable that the 
cancer high‑risk group was set as a control in the present study, 
and research including HV samples should be performed in 
future studies. To detect microresidual tumors or recurrent 
microtumors after surgery, comparison between pre‑ and 
postoperative conditions in the same patient is important, and 
this will be investigated in future studies.

To establish a novel diagnostic method for GC, previous 
studies have focused on the analysis of low molecular weight 
metabolites found in blood, serum or plasma, including lipids, 
primary metabolites and cell‑free nucleic acids (33‑36). During 
the preparation of serum, blood clots are formed by using 
serum separating agents and/or coagulation accelerators. In 
this process, numerous components in platelets, such as intra‑
cellular messengers/mediators, cell membrane and organelles, 
are released into the serum from disrupted platelets (37). The 
released components affect the MS results of the molecular 
composition of serum, particularly the phospholipid results. To 
avoid this problem, the plasma used in the present study was 
obtained by employing the anticoagulant agent EDTA and by 
centrifugation, without platelet disruption. This methodology 
may have contributed to the present results. Thus, the authors 
recommend the use of this methodology for similar studies in 
this field. 

In summary, the novel cancer diagnosis approach 
employed in the present study may contribute to the develop‑
ment of relevant desirable biomarkers in the near future. The 
present study has certain limitations that need to be acknowl‑
edged. First, it is difficult to derive a definitive conclusion 
due to the small number of patients included in the study. 
Second, the patients in the control group, although they were 
cancer‑free at the time of plasma collection and for months 
before sample collection, they had a previous cancer history. 
Despite certain limitations, the results of the present study 
strongly suggest that this new approach has a promising 
future as a diagnostic tool for GC. In conclusion, the present 
study suggests the diagnostic prospects of a plasma lipidomic 
and machine learning approach for GC. By accumulating 
more reliable data, this novel methodology may also be able 
to predict the efficacy of each therapy.
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