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A B S T R A C T   

Background: Gastric cancer (GC) is one of the most common malignant tumors in the world. It has 
become increasingly difficult to meet the needs of precision therapy using the existing molecular 
typing system. Therefore, developing a more effective molecular typing system for GC is urgent. 
Methods: In this study, 100 Chinese GC patients were included. Whole-exome sequencing (WES) 
and metabolomics analysis were performed to reveal the characteristics of genomic and metabolic 
changes. 
Results: In WES, nonsynonymous mutations accounted for the majority. Based on metabolomics, 
GC has been divided into three subtypes with distinct metabolic features. Importantly, we ulti
mately divided GC into four subtypes with different metabolic characteristics, genomic alter
ations, and clinical prognoses by incorporating biomics analysis. 
Conclusions: Integrating biological features, we constructed a novel molecular system for GC that 
was closely related to genetics and metabolism, providing new insights for further understanding 
the heterogeneity and formulating precise treatment strategies.   

1. Introduction 

Gastric cancer (GC) is one of the most common malignant tumors in the world. According to the latest data, GC is the third most 
malignant tumor in China [1]. The current clinical treatment model for GC has gradually changed from a single treatment model to a 
comprehensive individual treatment model. However, due to hidden early symptoms and other reasons, the 5-year survival rate of GC 
is only 35.9 % [2]. More importantly, GC is a highly heterogeneous tumor involving histopathological, genetic, epigenetic and 
transcriptomic aspects [3], which poses serious challenges for accurate diagnosis and personalized treatment. Therefore, the lack of 
effective prediction markers for screening out the eligible groups is the bottleneck restricting the progress of clinical research on GC. 
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Over the past few decades, efforts have been made to classify GC into several subtypes to guide treatment decisions. Although 
histopathological classification has certain reference value in treatment decision-making and prognosis prediction, traditional clas
sification can no longer meet the needs of individualized treatment. This demand has spawned the TCGA classification [3]. However, 
TCGA typing does not consider the relationships between subtypes, efficacy, and prognosis due to the lack of sufficient clinical 
follow-up data. Additionally, most of its specimens were taken from patients in Europe and America, which has limited guidance value 
for East Asia. China, a country with a large number of individuals affected by stomach cancer, needs to include enough clinical samples 
urgently to improve GC molecular typing methods suitable for Chinese people. 

In recent years, the rapid development of high-throughput second-generation sequencing technology has made it possible to 
accurately classify GC molecule typing. The advent of WES successfully described the molecular basis of disease diversity phenotypes 
[4–6]. Recent studies have attempted to perform the molecular typing of GC based on gene mutations and other levels. For example, in 
combination with genomic hybridization and expression microarray analysis of gastric cancer, Tay et al. divided GC into three cat
egories, namely, tumorigenic, reactive and gastro-like, showing significant prognostic differences among these types [7]. In addition, 
our research group previously divided gastric cancer among Chinese patients into four subtypes with different clinical phenotypes and 
prognoses by integrating multidimensional genomic characteristics [8]. The above studies are of great significance for revealing the 
full picture of GC genome variation, understanding the pathogenesis of GC and guiding research on precision treatment. 

Gastric cancer is a malignancy formed by the long-term interactions of internal and external pathogenic factors. WES can reveal 
changes at the gene level, which is of certain value for the understanding of disease mechanisms and providing clinical drug guidance. 
However, nongenetic factors are also key determinants in disease occurrence and development. As an emerging omics research 
technology, metabolomics can provide all the metabolic profile information for a specific tumor to understand the characteristics of the 
disease phenotype [9]. Thus, multiomics tumor analysis provides a new window to identify molecular disease drivers, leading to more 
precise drug therapies [10]. 

In this study, we conducted whole-exon sequencing and metabolomics analysis on 100 GC tissue samples and paired paracancerous 
tissues. Based on the metabolic profile data of cancer tissues, we preliminarily established a new molecular typing system for GC. 
Considering the high gene mutation rate of gastric cancer, we further combined WES to establish the first novel molecular system based 
on biomics in China, in which we divided GC into four subtypes that show significant differences in clinical and molecular charac
teristics. This study investigated the pathological mechanisms that enrich the occurrence and development of gastric cancer and 
provided a theoretical basis for the identification of subtypes and potential targeted drug therapy. 

2. Results 

2.1. Clinicopathologic features of patients 

In a cohort of 100 gastric cancer patients independently confirmed by at least two experienced pathologists, we found that the 

Fig. 1. Schematic overview of the study design.  
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patients in this cohort ranged in age from 27 to 82 years, including 71 males and 29 females and 10, 24, 59 and 7 cases for stages I/II/ 
III/IV, respectively. The median follow-up time was 48 months. Fifty patients (50 %) developed recurrence and metastasis, 50 patients 
(50 %) survived, and 48 patients (48 %) died (Table S2). 

2.2. Overview of molecular mutations in gastric cancer 

2.2.1. Somatic mutant spectrum 
To comprehensively analyze the molecular characteristics and metabolic differences of GC tumors, multiple omics analyses were 

performed on 100 patient-paired tumor and paracancerous tissues samples, including WES and metabolomics analysis (Fig. 1). In the 
WES results, the sequencing depths of gastric cancer tissue and normal tissue were 227 times and 125 times, respectively (Table S3). 
According to the WES results, a total of 17,984 somatic mutations were identified, with nonsynonymous mutations accounting for the 
dominant proportion (16,940, 94.2 %) (Table S4). A waterfall diagram was constructed to visualize the top 20 genes with mutation 
ratios, which included TP53, TTN, ANKRD36C, MUC16, and NBPF10 (Fig. 2a). The mutation distributions of TP53, TTN, MUC16, and 
NBPF10 are shown in Figs. S1a–1d. We also compared the major somatic mutation genes in TCGA and found that the mutation fre
quencies of most of the genes remained consistent, but there were differences in the mutation frequencies of some genes 
(Fig. 2b–Table S5). This difference may be due to the fact that TCGA classification is based on European and American populations, 
small sample sizes, or individual differences. The rates of mutation for TP53, one of the genes with the highest mutation frequency, 
were found to be different between intestinal tumors and diffuse/mixed tumors, while no other gene mutation rates were found to be 
different between other clinicopathologic subtypes (Fig. 2c–Table S6). In addition, by analyzing the patterns of base replacement, we 
found that the incidence of base transversion was higher than that of base transition, reflecting a large bias in this result (Fig. 2d). In 
addition, a 96-substitution classification method was used to characterize and identify the mutation characteristics and types of 
genome mutations, and three independent mutation signatures were matched (Fig. 2e). Collectively, an unsupervised clustering was 
used to divide GC into three subtypes based on the somatic mutant spectrum. Survival analysis revealed that subtype 1 had the better 
prognosis and subtype 3 had the poor prognosis (Figs. S1e–g). COX regression based on Sig_Cluster revealed a trend consistent with the 
survival curve. TNM stage and type were independent prognostic factors, while no differences between subtypes were identified in the 
other pathological data (Table S7, Fig. S1h). 

2.2.2. Somatic copy number variants (CNVs) and changes in genomic signaling pathways 
The characteristics of CNVs were then analyzed. Sixty-five significant CNVs were identified by GISTIC 2.0, with 24 amplified and 41 

missing. The amplified CNVs included a large number of proto-oncogenes, such as CCNE1 (19q12), ERBB2 (17q12), CCND1 (11q13.3) 
and MYC (8q24.21), and the missing CNVs included a large number of tumor suppressor genes, such as ARID1A (1P3.11), MLH1 
(3p21.31), and PTEN (10q23.31) (Fig. 2f–g, Table S8). According to the characteristics of CNVs, the samples were divided into two 
subtypes by unsupervised clustering. The prognostic analysis revealed that the overall survival (OS) of subtype 1 was poor 
(Figs. S2a–c). Cox regression analysis based on CNV typing demonstrated that TNM stage could be used as an independent prognostic 
factor (Fig. S2d, Table S9). Subsequently, KEGG was used to analyze somatic mutation and CNV characteristics and revealed the 
changes in tumor-related signaling pathways in GC tissues. The top 4 pathways included the well-known RTK-RAS, Notch, Wnt and 
Hippo signaling pathways (Fig. S3). In addition to the well-known target NTRK2, DLL4 amplification, NOTCH4 deletion, and CTNNB1 
deletion were all identified as potential therapeutic targets. 

2.2.3. Neoantigen analysis and multidimensional genomic characteristics revealed the molecular subtypes of GC 
The advent of immunotherapy has opened a new chapter in the comprehensive treatment of GC and prompted our curiosity about 

the presentation patterns of neoantigens in 100 GC tissues. We found that a total of 16,342 predicted neoantigens were identified in 
100 patients, with the numbers of neoantigens per patient ranging from 0 to 1283, reflecting large individual differences (Table S10). 
In addition, 2266 (13.87 %) neoantigens were predicted to have affinity with HLA-A*11:01 (Fig. 2h–Table S11), and a positive 
correlation was found between the number of neoantigens and tumor mutation burden (TMB) (R2 = 0.25, p = 1.398577e-07, Fig. 2i). 
By further exploring the landscape of predicted neoantigens and somatic mutations, we found that neoantigens were mainly derived 
from somatic mutations of the mucin (MUC) family, among which the proportions were 19 % for MUC16, 13 % for MUC12 and 11 % 
for MUC4 (Table S12), suggesting that the MUC family might guide the correct implementation of immunotherapy for GC. Following 
the above analyses, GC was divided into two subtypes by unsupervised cluster analysis. Regrettably, there was a large difference in 
sample size and a lack of prognostic analysis (Fig. S4). Clinicopathological correlation analysis revealed no relevant pathological 
features (Table S13). By combining the somatic mutation characteristics, CNV, predicted neoantigens and important tumor-related 
gene changes, 100 GC samples were ultimately divided into two subtypes. (Fig. S5a). Subsequently, survival analysis found that 
subtype 1 had poor survival (PFS) (Figs. S5b–c). Cox regression analysis showed that TNM stages and types could be used as inde
pendent prognostic factors (Fig. S5d), while no differences among subtypes were found in the other pathological data (Table S14). The 
significant mutated genes among the subtypes of the molecular typing system established based on integrated genomic characteristics 
are shown in Table S15. 

2.2.4. The metabolic profile reflected metabolic dysregulation in GC 
Sample stability was tested by principal component analysis (PCA), and the results showed that there was little difference between 

samples of each batch and that the samples were stable (Fig. 3a). The coefficient of variation (CV) was further used for testing, and the 
results showed that the average CV of each batch was within 30 %, indicating that each batch had good stability (Table S16). Then, 
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Fig. 2. Landscape of whole-exon sequencing of the 100 gastric cancer samples in the ZJU-GC cohort. 
a. Somatic mutation waterfall diagram showing the top 20 genes with their mutation ratios, along with an intermediate matrix by gene (row) and 
sample (column). b. Comparison of the mutation rates between this cohort and the TCGA-GC gene cohort. The blue and orange dots represent genes 
with higher and lower mutation rates, respectively. c. Comparison of the gene mutation rates of different clinicopathologic subtypes. d. Diagram of 
6-base replacement modes. Ti represents transition, and Tv represents transversion. e. Characterization and identification of the genomic features in 
this cohort. Mutation characteristics are represented according to the 96-substitution classification. The 96-substitution classification mutation types 
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OPLS-DA analysis revealed the heterogeneity within the cancer tissue group was higher than that within the PT group (Fig. 3b). The 
reliability of the model was verified by permutation testing, indicating the good fitting accuracy of the OPLS-DA model (Fig. 3c). 
Subsequently, through Euclidean distance analysis, we again confirmed that the heterogeneity between gastric cancer tissues, gastric 
cancer tissues and normal tissues was significantly higher than that between normal tissues, unveiling the heterogeneity of gastric 
cancer from the metabolomics perspective (Fig. 3d). 

Further analysis was performed to screen out key differential metabolites between cancerous and paracancerous tissues. As shown 
in the S-plot of OPLS-DA, a total of 70 differential metabolites were screened out according to the standard that Variable Importance 
for the Projection (VIP) is > 1 (Fig. 3e–Table S17), whose distribution was visualized by constructing a volcano map (Fig. 3f). The 
Mann‒Whitney test was then performed to examine the expression levels of fatty acids and triglycerides (TGs) in cancerous and 
paracancerous tissues. The results showed that the expression levels of fatty acid metabolites such as arachidonic acid, and eicosa
trienoic acid, were significantly higher in cancer tissues than in paracancerous tissues (Fig. 3g–k, p < 0.001). The expression levels of 
TG (42:2), TG (44:3), TG (46:3) and TG (52:14) in cancer tissues were also significantly higher than those in paracancerous tissues 
(Fig. 3l–o, p < 0.0001), which was consistent with the results shown in the heatmap (Fig. 3p). 

Inspired by the high expression levels of fatty acids and TGs in cancer tissues, we also wanted to know the pathway enrichment 
results of the differential metabolites. The results showed that the enriched metabolic pathways were mainly concentrated in the 
upregulated metabolites in cancerous tissues. Several metabolic pathways, such as D-glutamine and D-glutamate metabolism, showed 
strong disturbances among the upregulated metabolites in cancer tissues (Fig. 3q). 

In addition, we analyzed the different metabolites among different types of GC tissues based on different clinicopathological 
features, such as diffuse and intestinal GC (Fig. S6a), poorly and moderately differentiated GC (Fig. S6b), signet ring cell carcinoma 
(SRCC) and gastric adenocarcinoma (Fig. S6c), and stages I-II and III-IV GC (Fig. S6d). Tables S18–S21 show the corresponding dif
ferential metabolites. 

2.2.5. The molecular typing system of GC was established based on metabolomics 
To reveal the metabolic heterogeneity of GC, unsupervised cluster analysis was performed using the NMF method, in which 

cophenetic, dispersion, evar, residuals and rss were used as cluster evaluation indicators to predict the optimal rank value (Fig. 4a). 
Taking the first point with the largest change in cophenetics as the judgment criterion, we determined that the best rank value was 3 
(Fig. 4b). Based on the classification number of the 3 types, unsupervised clustering were conducted to draw the consensus matrix, 
which revealed that there were obvious differences among the 3 subtypes (Fig. 4c). Clinicopathological features were included in the 
construction of the heatmap. There were 27 cases of Cluster 1, 52 cases of Cluster 2 and 21 cases of Cluster 3 (Fig. 4d). By further 
analyzing the correlations between different subtypes and histopathology, we realized that Cluster 1 had higher proportion of stage III- 
IV samples and poorly differentiated samples, while Clusters 2 and 3 had certain similarities in clinicopathological characteristics 
(Fig. 4e–i). Survival analysis revealed that Cluster 1 had the worst prognosis, which was consistent with its clinical characteristics 
(Fig. 4j). Cox regression analyses revealed that TNM staging was an independent risk factor for the prognosis of GC (p = 0.001). At the 
same time, consistent with the clinical survival analysis, the risk ratio (HR) of Cluster 2 was much lower than that of Cluster 1, which 
indicated that the classification system was an independent prognostic factor (Fig. 4k-l). 

2.2.6. Different metabolic subtypes showed distinct metabolic characteristics 
Next, we determined whether different metabolic subtypes had unique metabolic features. Similar to the previous method, we 

screened differential metabolites of different clusters (Fig. S7a, Table S22, Fig. S7c, Table S23, Fig. S7e, Table S24). Then, according to 
Cluster 1 vs. Clusters 2 & 3 enrichment pathway analysis, several metabolic pathways, such as tyrosine metabolism and proline 
metabolism, exhibited strong disturbances in the upregulated metabolites of Cluster 1. Thiamine metabolism and methionine meta
bolism showed strong changes in downregulated metabolites of the Cluster 1 subtype (Fig. S7b). According to Cluster 2 vs. Clusters 1 & 
3 enrichment pathway analysis, in the Cluster 2, the metabolic disturbance pathway was mainly concentrated in downregulated 
metabolites, such as tyrosine metabolism and vitamin B6 metabolism. According to Cluster 3 vs. Clusters 1 & 2 enrichment pathway 
analysis, in Cluster 3, the metabolic disturbance pathway was mainly focused on upregulated metabolites, such as histidine meta
bolism and caffeine metabolism (Fig. S7f). A heatmap was then drawn according to the metabolic characteristics of each subtype. The 
results showed that Cluster 1 was characterized by high levels of amino acid, carbohydrate and nucleotide metabolites but low levels of 
lipid metabolism. Clusters 3 and 1 were similar, but the specific metabolites were different. Compared with Clusters 1 and 3, Cluster 2 
had very high levels of lipid metabolites and energy metabolism and low levels of amino acid and carbohydrate metabolism and 
nucleotide metabolites (Fig. 5a). An overview map of metabolic pathways, including carbohydrate metabolism, amino acid meta
bolism, fatty acid biosynthesis and lipid metabolism, was drawn based on the characteristics of the three subtypes. Phosphatidyl 
ethanolamine in lipid metabolism of the Cluster 1 subtype was significantly downregulated, the overall level of lipid metabolism was 
relatively low, and amino acid synthesis was upregulated. Amino acid metabolism and the tricarboxylic acid cycle were generally 
downregulated in the Cluster 2 subtype. Histidine synthesis and myristic acid synthesis were obviously accumulated in the Cluster 3 
subtype (Fig. 5b). In addition, the expression levels of typical metabolites and lipids among the three subtypes showed that the 

are displayed on the horizontal axis, and the frequency of each mutation type is displayed on the vertical axis. f. Significant CNVs with amplifi
cations identified by GISTIC 2.0. g. Significant CNVs with deletions identified by GISTIC 2.0. h. Predicted binding sites of neoantigens. i. Corre
lations between TMB and neoantigens in the 100 samples. (For interpretation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.) 
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expression levels of 4-pyridoxic acid, glucose-6-phosphate, gentisic acid and fumaric acid in Cluster 2 were significantly lower than 
those in Clusters 1 and 3 (p < 0.05), which indicated that carbohydrate metabolism in Cluster 2 was significantly decreased (Fig. 5c). In 
contrast, the expression levels of ceramide (cer (m42:2)), sphingomyelin (SM(d40:1)), phosphatidylcholine (PC (36:1)) and phos
phatidylethanolamine (PE (18:0_18:1)) in Cluster 2 were significantly higher than those in Clusters 1 and 3 (p < 0.01), indicating 
significant lipid accumulation in Cluster 2 (Fig. 5c). 

2.2.7. The molecular typing system of GC was established by WES and metabolomics 
Inspired by the rich results of GC metabolomics, we also wanted to determine whether there were special metabolic characteristics 

among the subtypes of the molecular systems established based on WES. First, differential metabolites among subtypes were screened 
out (Table S25). The enrichment pathways of these differential metabolites were significantly enriched in glycolipid metabolism at the 
microscopic gene level (Fig. S8). Considering the high heterogeneity of GC and the nonnegligible influence of nongenetic factors, we 
jointly established a novel molecular typing system for GC by combining WES and metabolomics. First, we used the mogsa package and 
mbpca function in R to reduce the dimensions of the genomic and metabolomics results to 20 principal components. Then, 100 GC 
samples were divided into 4 subtypes by unsupervised clustering (Fig. 6a–b). Survival analysis showed significant differences in OS and 
PFS among the subtypes. Subtype 1 had the best prognosis, followed by subtype 3, subtype 2 had worse prognosis, and subtype 4 had 
the worst prognosis (Fig. 6c–d). Cox regression analysis supported this conclusion, indicating that this classification system could be 
used as an independent prognostic factor (Fig. 6e). 

Subsequently, we analyzed the correlations between subtypes and clinicopathology and found that subtypes 2 and 4 had a higher 
proportion of diffuse/mixed tumors, and subtype 4 had a significantly higher proportion of low differentiation and stage III-IV samples 
than other subtypes (Fig. 6f). Meanwhile, the results of neoantigen analysis showed that the number of neoantigens of subtype 4 was 
the lowest, while that of subtype 1 was the highest, which was significantly consistent with the results of TMB analysis (Fig. 6g–h). In 
summary, these results suggest that subtype 4 had the worst prognosis, subtype 1 had the best prognosis, which was highly consistent 
with the results of survival analysis. 

Then, we analyzed the mutation molecular characteristics of the four subtypes. It was found that the mutation frequency of 
ARID1A, the deletion of LAST1 and NRAS, and the amplification ratios of AXIN1 were higher in Subtype 1, while Subtype 2 had a 
higher mutation frequency of MUC16. In Subtype 3, there were higher mutation frequencies of TP53 and FAT3 and higher deletion 
ratios of AXIN1 and RNF43. In Subtype 4, the deletion ratio of CTNNB1 was higher (Table 1). Further analysis of specific differential 
metabolites revealed that the metabolism of subtype 4 was significantly different from those of other subtypes, except that cysteine was 
highest in subtype 3, and the levels of 4-hydroxyproline, asparagine, N-acetylphenylalanine, 4-D-erythrose phosphate, azelaic acid and 
1,7-dimethyluric acid were highest in subtype 4 (Fig. 6i-o, Table S26). 

3. Discussion 

The tumor heterogeneity of gastric cancer covers a wide range from the microscopic molecular level to the macroscopic apparent 
characteristics; this heterogeneity leads to drug resistance, cancer recurrence, metastasis and other malignant outcomes [3,11–13]. 
TCGA cohort classified heterogeneous GC into four molecular subtypes: Epstein-Barr virus positive tumors (EBV), microsatellite 
instability tumors (MSI), chromosome instability tumors (CIN), and genome stable tumors (GS) [14]. In addition, the Asian Cancer 
Research Group (ACRG) identified four distinct molecular subtypes associated with survival and postoperative recurrence patterns in 
GC patients using array-based gene expression profiling: Microsatellite stability/epithelial-mesenchymal transition (MSS/EMT), MSI, 
MSS/tumor protein 53 activity (MSS/TP53+), and MSS/TP53 inactivation (MSS/TP53-) [15]. However, neither of these classifications 
were designed to optimize selection of GC patients receiving targeted therapy [16]. In order to adapt to different stress stimuli and 
meet the needs of rapid proliferation, tumor cells often experience variation in genetic background during their growth and devel
opment, and these genetic changes are usually closely related to the level of metabolism. Therefore, it is urgent to establish a molecular 
classification method for GC at the multidimensional level. In this study, we revealed the genome dynamics and metabolic changes in 
Chinese GC patients from the perspectives of genomics and metabolomics, respectively; through combined biomics analysis, for the 
first time, we proposed four GC subtypes that were more complete than those defined in previous studies [8]. These four GC subtypes 
differ significantly in terms of clinical prognosis, molecular changes and metabolic turnover. 

Metabolic reprogramming, a major hallmark of cancer, is closely related to the clinical outcomes and biological characteristics of 
many cancers [17–20]. In this study, we successfully divided GC into three heterogeneous subtypes with different metabolic and 
clinicopathological characteristics, and clinical prognoses by employing metabolomics. High glucose demand and anaerobic glycolysis 
are common metabolic characteristics of cancer cells [21–25]. In harsh living environments lacking sufficient sugar sources and ox
ygen, tumor cells often use lactic acid and glutamine as alternative carbon sources for accelerated decomposition to maintain energy 
production and anabolic metabolism [26–29]. This phenomenon is usually accompanied by mutagenic destruction of TCA cycling 

Fig. 3. Metabolic dysregulation in GC. a. Principal component analysis of QC samples of each batch. b. OPLS-DA of tumor and paracancerous 
tissues. c. Permutation test diagram of the OPLS-DA model validation. d. Violin-boxplot constructed using Euclidean distance analysis. e. S-plot 
analysis of the differential metabolites between tumor and paracancerous tissues. f. Volcano plot of the differential metabolites between tumor and 
paracancerous tissues. g-k. Comparison of partial differential fatty acid metabolites. l-o. Comparison of partial differential triglyceride metabolites. 
p. Metabolic heatmap of fatty acids and triglycerides in tumor and paracancerous tissues. q. Enrichment analysis of the differential metabolite 
pathways in gastric tumor and paracancerous tissues. 
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enzymes [30] and the activation of protein and nucleotide synthesis [31], which promote the conversion of tyrosine, valine and 
cysteine into TCA intermediates for energy production. We found that subtype 1 patients were mostly stage III-IV patients and had 
poorer nutritional status than the other two subtypes according to metabolic characteristics, requiring more carbon sources to 
maintain energy metabolism. In this subtype, amino acid metabolism, carbohydrate metabolism and nucleotide metabolites were 
upregulated, indicating that cancer cells of this subtype were more aggressive, which might partly explain why subtype 1 had the worst 
prognosis. The local tumor environment (TME) also plays an important role in cancer cell metabolism [32]. Glutamine decomposition 
is a key metabolic process in cancer driven by the proto-oncogene MYC [29,33]. A previous study showed that the high uptake of 
glutamine by tumor cells is simultaneously strongly controlled by tumor cells and is involved in the regulation of glucose utilization in 
the TME [34], which is consistent with our findings that the glutamine metabolism pathway is significantly enriched in cancer tissues. 
These data also support the application of glutamine metabolism as a specific strategy for inhibiting cancer cell growth. 

More interestingly, we found that subtype 2 with a good prognosis showed significant lipid accumulation, while subtype 1 with a 
poor prognosis showed obvious “glycotropism”, which led us to speculate that there was a unique metabolic selection trend of cancer 
cells in the TME. Consistent with our findings, previous studies have shown that the sugar uptake of cancer cells accounts for 
approximately 2/3 of the total glucose uptake in the TME, indicating an obvious preference for glucose [34]. In addition to the study of 
high glucose supply, the study of fat composition in TME has also deepened our understanding of the heterogeneity of GC. Studies have 
shown that high lipid levels in the TME can transform macrophages from the M2 type to the M1 type, stimulate the activation and 
phagocytosis of TLR4-dependent M1 macrophages in adipose tissue, and ultimately prevent the metastasis and spread of colorectal 
cancer [35]. These effects may partly explain the better prognosis of subtype 2, which is characterized by significant lipid accumu
lation. In conclusion, the dominant components of metabolic characteristics in different types of metabolomics were different, 
reflecting the metabolic heterogeneity of Chinese GC and suggesting that comprehensive analyses should be carried out when 
developing anti-metabolic measures. 

Inspired by the metabolic results, we further analyzed the metabolic differences in the transcriptional results and found that 
glycolipid metabolism was a key enrichment pathway. The high coincidence between the gene and phenotypic levels prompted us to 
further integrate the results of WES and metabolomics to establish a biomics study. We ultimately successfully divided GC into four 
subtypes with different metabolic characteristics, genomic alterations, and clinical prognoses. Subtype 1 is considered to be the most 
promising subtype to benefit from combination immunotherapy, as it is characterized by significant genomic alterations, such as high 
frequencies of ARID1A mutation, LATS1 deletion, NRAS deletion, and AXIN1 amplification, a high number of neoantigens and TMB. 
Studies have demonstrated that ARID1A (the AT-rich interaction domain 1A) can interact with the mismatch repair (MMR) protein 
during DNA replication, and its mutation can impair the MMR process and increase the number of tumor mutations, tumor-infiltrating 
lymphocytes and PD-L1 expression, ultimately sensitizing immunotherapy [36–40]. These results were consistent with the charac
teristic changes in subtype 1, suggesting that the development of targeted therapy for ARID1A mutations is very reasonable to improve 
the efficacy of clinical immunotherapy. This is in agreement with the recent report by Xu et al. [41]. Subtype 2 was associated with a 
high frequency MUC16 mutation. Given the potential positive promoting effect of high mutation frequency of MUC16 on immuno
therapy [42–44], this provided a certain theoretical basis for the selection of immunotherapy in subtype 2 patients. Significant 
upregulation of cysteine was observed in subtype 3, accompanied by high frequencies of TP53 mutation, FAT3 mutation, AXIN1 
deletion, and RNF43 deletion. It has been reported that when cysteine supply to tumors is cut off by knockout of the gene controlling 
cysteine input, tumor growth is significantly restarted, and cysteine depletion causes a large increase in lipid oxidation, inducing the 
process of ferroptosis and promoting the further apoptosis of tumor cells [45,46]. More importantly, most normal cells have a low 
requirement for cysteine [47], while cancer cells depend on cysteine. This significant difference makes targeted cysteine therapy an 
important breakthrough to correct metabolic disorders in cancer. The metabolic characteristics that distinguish subtype 3 from the 
other subtypes may enable patients with this subtype to benefit greatly from anti-cysteine metabolic therapy. 

Subtype 4 included the most advanced patients, with the worst immunogenicity and nutritional status and the poorest prognosis. In 
terms of metabolism, we found that the expression levels of 4-hydroxyproline, asparagine, N-acetylphenylalanine, 4-D-erythrose 
phosphate, azelaic acid, and 1,7-dimethyluric acid were generally upregulated. In other words, the level of amino acid metabolism 
of subtype 4 was extremely high, which was similar to the characteristics of metabolic subtype 1, suggesting that the adverse TME, 
characterized by nutrient deficiency and hypoxia, might accelerate the intake of alternative carbon sources and promote the occur
rence of adverse outcomes. For example, the amino acid asparagine is required for protein synthesis [29,48], though blocking 
asparagine does not lead to tumor cell death. However, tumor cells activate the MAPK pathway, allowing cancer cells to produce 
asparagine on their own [49,50]. Studies have shown that the combination of MEK inhibitors and asparagine blockers can inhibit 
tumor growth and metastasis in an effective dose-dependent manner [50]. Therefore, amino acid-blocking therapy is considered a 
potential anticancer strategy. In terms of gene alteration, subtype 4 was accompanied by a high frequency of CTNNB1 deletion. It is 
well known that β-catenin, the main downstream effector molecule in the classical Wnt signaling pathway, is encoded by CTNNB1 
(cadherin-associated protein beta-1). Deletion or mutation of CTNNB1 can affect the activity of the β-catenin protein, thus activating 
the Wnt/β-catenin signaling pathway and promoting the malignant phenotype of tumors [51–53]. In addition, a multiomics analysis of 

Fig. 4. Molecular typing system of gastric cancer established based on metabolomics. a. Nonnegative matrix factorization (NMF) method for un
supervised cluster analysis. b. Decomposition graph with cophenetic as the cluster evaluation indicator. c. Consensus matrix with rank = 3. d. 
Heatmap of the distribution of clinical features in the three subtypes. e-i. Correlations between different subtypes and histopathology. j. Overall 
survival curves of the different subtypes. k. Univariate analysis including clinicopathologic features and molecular typing. l. Multivariate analysis 
including clinicopathologic features and molecular typing. 
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Fig. 5. GC molecular typing system based on metabolomics with different metabolic features among subtypes. a. Heatmap of the metabolic 
characteristics of the three subtypes. b. Metabolic overview of the three subtypes, including carbohydrate metabolism, amino acid metabolism, fatty 
acid biosynthesis, and lipid metabolism. c. Expression levels of typical metabolites between the three subtypes. 
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hepatocellular carcinoma (HCC) showed that protein enrichment in CTNNB1-mutated tumors is associated with a variety of metabolic 
processes, including glycolysis and amino acid metabolism, suggesting that CTNNB1 activation may influence the metabolic 
reprogramming of HCC cells at the translational and posttranslational levels [54]. Therefore, it would be wise to conduct research on 
β-catenin or upstream and downstream signaling proteins. Given the low immunogenicity of subtype 4, we suggest that a combination 
of amino acid-blocking therapy and β-catenin inhibitors might constitute a more comprehensive treatment. 

Note here that our research group previously constructed a molecular system named ZJU-GC [8] based on the WES results of 70 
gastric cancer cases. The research group continued to expand this sample and added another dimension of omics analysis to improve 
the understanding of the heterogeneity of gastric cancer at the multimolecular level. However, there are still shortcomings in our 
research. First, the results of drug sensitivity experiments were not included in this study to verify the effectiveness of corresponding 
metabolic inhibitors or target inhibitors against each subtype; these trials are currently being carried out in our laboratory. Second, this 
was a single-center retrospective study, which lacked the validation of a large multicenter cohort study. Therefore, it will be necessary 
to conduct further studies to verify potential target molecules and driving factors in the future and to conduct multicenter prospective 
trials to consolidate the clinical significance of the molecular typing system. 

4. Conclusions 

This multidimensional analysis reveals the genomic characteristics and unique metabolic manifestations of Chinese gastric cancer 
patients and establishes a new set of molecular systems, enriching our understanding of the heterogeneity of gastric cancer in China. 
Although the results of our study need further biological validation and clinical verification, they have certain implications for the 
understanding of the changes in gastric cancer metabolism and the development of new targets in the future. 

Fig. 6. Molecular typing system of GC established based on WES and metabolomics. a. Dimensionalities of the genome integration and metab
olomics results reduced to 20 principal components by the mbpca function in the mogsa package in R. b. Unsupervised clustering results of 20 
principal components. One hundred GC samples were divided into 4 subtypes: the top shows the distribution of other subtypes and clinical features, 
the middle shows SNV and CNV features, and the bottom shows metabolic molecules with significant (p < 0.05) differences among the 4 subtypes 
tested by Kruskal-Wallis analysis. c. Comparison of the overall survival (OS) curves among the different subtypes. d. Comparison of the progression- 
free survival (PFS) curves among the different subtypes. e. Multivariate COX regression analysis involving clinicopathologic features and molecular 
typing. f. Bar charts of the distribution ratios of the clinical features in each subtype. g. Violin plot of the neoantigens in each subtype. h. Violin plot 
of TMB in each subtype. i-o. Differential metabolite analysis of the biomics-based molecular typing system. *p < 0.05; **p < 0.01; ***p < 0.001. 

Table 1 
Molecular characteristics of mutations in each subtype of the biomics-based molecular typing system.  

ID  Subtype1 Subtype2 Subtype3 Subtype4 p.value 

TP53 mutation 30 % 30 % 40 % 37 % 0.912264 
MUC16 mutation 15 % 40 % 23 % 17 % 0.201738 
MUC4 mutation 15 % 15 % 27 % 23 % 0.674986 
ARID1A mutation 30 % 15 % 17 % 7 % 0.184125 
FAT3 mutation 5 % 25 % 30 % 0 % 0.003523 
CDH1 mutation 25 % 20 % 7 % 10 % 0.230535 
LRP1B mutation 15 % 20 % 23 % 0 % 0.055236 
CSMD3 mutation 20 % 15 % 13 % 7 % 0.575717 
FAT4 mutation 10 % 0 % 23 % 7 % 0.053786 
KMT2D mutation 20 % 10 % 13 % 3 % 0.30718 
CIC mutation 10 % 15 % 7 % 10 % 0.821404 
SMC1A mutation 10 % 20 % 13 % 0 % 0.11828 
AXIN1 deletion 35 % 30 % 40 % 23 % 0.568885 
CTNNB1 deletion 25 % 30 % 13 % 33 % 0.318177 
FGFR2 deletion 10 % 15 % 13 % 7 % 0.78223 
LATS1 deletion 30 % 5 % 7 % 23 % 0.050705 
MAP2K1 deletion 20 % 10 % 20 % 13 % 0.734653 
NRAS deletion 40 % 30 % 30 % 0 % 0.003719 
RNF43 deletion 15 % 25 % 43 % 13 % 0.036141 
TCF7L2 deletion 10 % 15 % 13 % 10 % 0.938948 
AXIN1 amplification 30 % 20 % 17 % 20 % 0.721376 
CTNNB1 amplification 10 % 5 % 7 % 3 % 0.802539 
FGFR2 amplification 5 % 20 % 27 % 20 % 0.297172 
LATS1 amplification 0 % 15 % 10 % 10 % 0.407126 
MAP2K1 amplification 10 % 5 % 0 % 7 % 0.426977 
NRAS amplification 0 % 5 % 10 % 17 % 0.21115 
RNF43 amplification 10 % 10 % 10 % 13 % 0.971586 
TCF7L2 amplification 10 % 15 % 23 % 17 % 0.661577 

1The italicized and bold represent significantly different molecules between subtypes. 
2The underscore and bold represents mutation frequency ≥30 % and is the highest mutation frequency among the four subtypes. 
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5. Material and methods 

5.1. Collection of patient tissue samples 

In this study, we included 100 patients with pathologically confirmed GC who underwent radical gastrectomy in the First Affiliated 
Hospital of Zhejiang University College of Medicine from January 2016 to January 2018. Some of the patients were from the previous 
study cohort [8], so they were also named ZJU-GC. The criteria for study inclusion were as follows: patients aged 18–85 years; the 
imaging and pathological diagnosis was GC on admission; the patient underwent surgical treatment in our hospital, and the clinical 
data were complete; postoperative pathology confirmed GC with negative incisional margins; there was no other primary tumor; and 
there was no infectious disease or acute or chronic infection. This study was approved by the Ethics Committee of the First Affiliated 
Hospital of Zhejiang University School of Medicine. 

5.2. Exon sequencing 

5.2.1. DNA extraction 
DNA was extracted from 100 pairs of gastric cancer and adjacent tissues. Genomic DNA was isolated using the QIAamp DNA Mini 

Kit (Qiagen). After verifying the quality of the isolated genomic DNA, DNA samples with a concentration of ≥20 ng/μL and a total 
amount of 0.4 μg or more were used for library construction. 

5.2.2. Whole-exome sequencing 
The genomic DNA was randomly fragmented by a Covaris fragmentation instrument to a length of 180–280 bp. A whole-exon 

library was constructed using an Agilent SureSelect Human All Exon V6 Kit (Agilent Technologies, Santa Clara, CA, USA). The 
index-coded sample was classified on a cBot Cluster Generation System using a HiSeq PE Cluster Kit (Illumina). The DNA library was 
then sequenced on the Illumina HiSeq platform (Illumina, San Diego, California, USA), and paired-end reads of 150 bp were generated. 
Data quality control was performed first, followed by all downstream bioinformatics analyses based on high-quality clean data. The 
paired-ended clean reads were aligned with reference genome build 37 (GRCh37) using BWA v.0.7.8. SAMtools was used to sort the 
results [55]. Then, the duplicate reads were marked with Sambamba. Finally, the comparison results after repeated labeling were used 
to calculate the coverage and depth. 

5.2.3. Somatic mutation detection and identification of significant mutant genes 
Somatic single-nucleotide variants (SNVs) were identified by Mutect (v 1.1.4), and somatic InDels were detected by Strelka 

(v1.0.13). ANNOVAR (ANNOVAR_2015Mar22) was used to annotate the variant call format file. The Mutational Significance in 
Cancer (Music, version: Genome-Model-Tools-Music-0.04) algorithm was used to identify significantly mutated genes (SMGS) from 
profiles of somatic SNVS and InDels (false discovery rate (FDR) < 0.25). 

5.2.4. Mutation characteristic analysis 
Mutations were characterized according to the 96-substitution classification. Based on the frequencies of 96 mutation types, a 

nonnegative matrix decomposition (NMF) method was performed using the maftools package to extract the mutation signatures and 
compare them with the known signatures cited in the Cancer Somatic Mutation Catalog and the 96-Substitution Classification 
(COSMIC) database. Cosine similarity >0.9 evaluated the similarity of mutation features and regarded those with cosine similarity 
>0.9 as common features. Then, unsupervised hierarchical clustering was carried out to identify the subtype of the mutant feature 
(Sig_cluster) according to the proportional contribution of each signature of each sample. 

5.2.5. Copy number analysis 
Somatic cell copy number variation (SCNV) was identified using CNVkit. Then, GISTIC 2.0 (v 2.0.22) was used to identify 

significantly altered genomic regions and screen out relapsed CNV regions (parameters: rx 0-ext xls-fname ALL-ta 0.1-td 0.1-js 4-qvt 
0.25-cap 1.5-board 1-maxseg 2000-conf 0.99-genegistic 1 -armpeel 1-brlen 0.7 -gcmextreme-savegene 1). In addition, unsupervised 
hierarchical clustering was performed to identify copy number variant subtypes (CNV_cluster) based on discrete CNVs. 

5.2.6. HLA genotyping and neonatal antigen prediction 
WES raw data were processed using TSNAD software. After identifying somatic mutations, TSNAD was used to determine HLA 

genotyping via SOAP-HLA. NetMHCpan was then called to predict mutation-derived neoantigens that could bind to Class I MHC 
molecules. Then, unsupervised hierarchical clustering was performed to identify the classification of newborn antigens according to 
the number of neoantigens (Neo_cluster). 

6. Metabolomics 

6.1. Metabolite extraction 

Approximately 25 mg of each sample was placed in a 1.5 mL centrifuge tube, and 150 μL ultrapure water was added for grinding. 
Then, the sample was mixed evenly with vortex oscillation so that the ground tissue became liquid. A total of 150 μL was taken from 
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each sample and added to the centrifuge tube. Each well was supplemented with 84 μL methanol, 416 μL methyl tert-butyl ether and 
150 μL ultrapure water, and the sample was centrifuged after oscillation. The upper layer of 150 μL and the lower layer of 300 μL liquid 
were dried at room temperature, 100 μL IPA/H2O [3/1] was added to the upper layer of the dried sample to suspend it, and the 
resulting suspension was then vortexed for 10s. After drying, 260 μL ACN/MeOH/H2O [1.5/1.5/1] was added to the lower layer to 
suspend the sample, which was then ultrasonically treated for 5s and vortexed for 10 s. The upper layer of 10 μL and the lower layer of 
30 μL of the resuspension vortex were mixed by vortex for 10 s. 

6.1.1. Metabolite detection 
A 1 μL sample was deposited onto a Met-Si Array® chip (Well-health care Technologies Co., Ltd.), which contains arrays of vertical 

silicon nanowire structures [56–58]. Then, the chip was placed on a custom-made plate and inserted into an Autoflex Max 
MALDI-TOF/TOF mass spectrometer (Bruker Daltonics Inc.) for metabolite and lipid profiling. 

6.1.2. Metabolomics data analysis 
Flexanalysis 3.4 (Bruker Daltonics Inc.) was used to export the original data in txt format. Data cleaning and peak alignment were 

performed using HJ Cloud MDAS PreData 2.40. The decostand function in the vegan package of R was used for data normalization. The 
dist function of R was used to calculate the European distances between samples to determine the differences in metabolites between 
gastric cancer and adjacent tissues. Orthogonal partial least squares discriminant analysis (OPLS-DA) and differential metabolite path 
set enrichment were analyzed using the MetaboAnalystR package in R. Using R language, the nsNMF method of the NMF package was 
used to perform unsupervised clustering to identify metabolome subtypes. Kaplan‒Meier survival curve analysis and Cox function 
univariate and multivariate risk regression analyses were performed using the R survival and survminer packages to predict the factors 
that might affect patient prognosis. 

6.1.3. Integrated cluster analysis 
Molecular subtypes, including Sig_Cluster, CNV_Cluster, Neo_Cluster, SMG and CNV, were revealed based on the characteristics of 

multiple genomes. SMGs were selected with the overlap between the genes with a mutation frequency ≥10 % in our cohort and the 
cancer-related genes in COSMIC [59]. CNV genes with a change frequency ≥10 % and with a relation to cancer in COSMIC were 
selected. Then, the mbpca function in the mogsa package in R (version 4.1.3) reduced the genome mutation characteristics, Sig-cluster, 
CNV-cluster, The unsupervised clustering method of the iClusterPlus package was used for clustering. The values of these variables are 
shown in Table S1. 

6.1.4. Statistical analysis 
All statistical analyses were performed in R 4.1.3, and differences between categorical variables were compared by the chi-square 

test or Fisher’s exact test. Nonparametric variables were evaluated by the Mann‒Whitney test. Survival data were analyzed by 
Kaplan‒Meier curves and log-rank tests. Hazard ratios (95 % confidence intervals) were calculated by univariate and multivariate Cox 
regression analyses. A p value < 0.05 was considered significant. 
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