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Background

Gastric cancer (GC) is one of the most common malignant tumors of the digestive system. Chinese cases of GC account for about 40% of the global rate, with approximately 1.66 million people succumbing to the disease each year. Despite the progress made in the treatment of GC, most patients are diagnosed at an advanced stage due to the lack of obvious clinical symptoms in the early stages of GC, and their prognosis is still very poor. The m7G modification is one of the most common forms of base modification in post-transcriptional regulation, and it is widely distributed in the 5′ cap region of tRNA, rRNA, and eukaryotic mRNA.



Methods

RNA sequencing data of GC were downloaded from The Cancer Genome Atlas. The differentially expressed m7G-related genes in normal and tumour tissues were determined, and the expression and prognostic value of m7G-related genes were systematically analysed. We then built models using the selected m7G-related genes with the help of machine learning methods.The model was then validated for prognostic value by combining the receiver operating characteristic curve (ROC) and forest plots. The model was then validated on an external dataset. Finally, quantitative real-time PCR (qPCR) was performed to detect gene expression levels in clinical gastric cancer and paraneoplastic tissue.



Results

The model is able to determine the prognosis of GC samples quantitatively and accurately. The ROC analysis of model has an AUC of 0.761 and 0.714 for the 3-year overall survival (OS) in the training and validation sets, respectively. We determined a correlation between risk scores and immune cell infiltration and concluded that immune cell infiltration affects the prognosis of GC patients. NUDT10, METTL1, NUDT4, GEMIN5, EIF4E1B, and DCPS were identified as prognostic hub genes and potential therapeutic agents were identified based on these genes.



Conclusion

The m7G-related gene-based prognostic model showed good prognostic discrimination. Understanding how m7G modification affect the infiltration of the tumor microenvironment (TME) cells will enable us to better understand the TME’s anti-tumor immune response, and hopefully guide more effective immunotherapy methods.
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Introduction

Gastric cancer (GC) remains the second leading cause of cancer-related mortality worldwide (1). Patients with advanced GC often experience tumour invasion and metastasis, resulting in a significantly shorter average survival time (2). Despite considerable advances in the field of GC treatment in recent years, our knowledge of GC pathogenesis and progression mechanism remains limited, and the prognosis of GC patients remains relatively poor (3). Therefore, it is crucial to better understand the mechanisms of GC invasion and metastasis while identifying additional diagnostic and prognostic biomarkers associated with GC. The traditional statistical methods are only applicable to the analysis of data that have numerical characteristics and are consistent with statistical patterns (4). The main purpose of machine learning is to discover hidden patterns in the data based on feature information from multidimensional data, mining the connections between features (5). Based on a large amount of data and based on machine learning methods to analyse potential associations between patient indicators, to uncover risk factors for the cure, to further develop a survival prediction model for the disease and to make clear diagnostic recommendations to patients (6). Previous articles on machine learning and GC have demonstrated the role of machine learning in the diagnosis of GC (7, 8).

M7G RNA methylation (N7 methyladenosine, m7G) is a modification in which a methyl group is added to the seventh position N of RNA guanine (G) under the action of methyltransferase (9). M7G modification is one of the most common forms of base modification in post-transcriptional regulation. It is widely distributed among tRNA, rRNA, and the 5′ cap of eukaryotic mRNA, and plays an important role in ‘RNA processing, metabolism, stability, and nucleation, as well as translation (9–11). Previous studies have found that m7G tRNA modification enhances oncogenic mRNA translation and promotes the progression of intrahepatic cholangiocarcinoma (9). However, few studies have verified whether m7G-related genes play a key role in GC. This study attempts to explore the potential functions of m7G and the molecular mechanisms underlying GC infiltration by constructing a prognostic model of aberrantly expressed m7G-related genes in GC samples and normal tissues.



Material and Methods


Data Acquisition

From previous systematic reviews and the Molecular Signatures Database, a total of 29 m7G-related genes were extracted (11–14). RNA sequencing datasets of 32 normal gastric tissues and 375 gastric cancer specimens were downloaded from The Cancer Genome Atlas (https://portal.gdc.cancer.gov/), together with the corresponding clinical data. All raw data were preprocessed with the limma R package and screened for differentially expressed genes (DEGs) associated with m7G. A Wilcox test was performed using |logFC(foldchange)| ≥ 1 and false discovery rate (FDR) < 0.05 as the cutoff criteria. The training group comprised data from the TCGA cohort, and the validation group comprised gene expression data and corresponding post-operative data collected from January 2015 to December 2020 in 70 human GC patients admitted at Taizhou People’s Hospital. All participants signed written informed consent forms prior to their participation. The study protocol was approved by the hospital ethics committee. Clinical information including age, gender, and TNM stage was collected (Tables 1, 2).


Table 1 | Clinical characteristics of the GC patients used in the derivation cohort.




Table 2 | Clinical characteristics of the GC patients used in the validation cohort.





Development and Validation of the m7G-Related Genes Prognostic Model

R software (R Foundation for Statistical Computing, Vienna, Austria) with the Survival package was used to conduct univariate and multivariate Cox analyses. The optimal prediction model was determined as per the Akaike Information Criterion (AIC). Based on the results of the univariate Cox regression analysis, we used a support vector machine (SVM) approach to further screen for prognostic genes with the help of the R package e1071(http://cran.r-project.org/package=e1071) (15). The risk score for each patient was accorded based on the expression level of m7G-related genes and the regression coefficient β of the weighted linear combination in the multifactorial analysis, calculated as: risk score = βgene1 × expr(gene1) + βgene2 × expr(gene2) +… + βgeneN × expr(geneN). Based on the median risk score, GC patients were divided into low-risk and high-risk groups. The Kaplan-Meier (K-M) method was used to clarify the relationship between risk values and survival time. Furthermore, ROC curves were drawn to assess the predictive effect of the model; and the risk and survival status were plotted for high- and low-risk groups. In addition, principal component analysis (PCA) was performed using the “prcomp” package to visualise the grouping of data and the distribution of different groups. Based on the above risk score formula, risk scores were calculated for patients in the validation group, who were subsequently divided into high- and low-risk groups and analysed using the K-M method.



Cox Regression Analysis of Prognostic Factors for Gastric Cancer

Risk scores were combined with clinical information including the survival time, survival status, sex, age, tumour grade, pathological grade, TNM stage, and risk score. Clinical factors affecting GC prognosis were initially screened using univariate Cox regression analysis, and factors significantly associated with GC prognosis were subsequently subjected to multivariate Cox regression analysis.



Enrichment Analysis of DEGs and Drug Sensitivity Analysis

The biological functions of these differentially expressed m7G-genes were examined integrally by Gene Ontology term enrichment analysis (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis (16). All enrichment analyses were done using the org.Hs.eg.db, DOSE, clusterProfiler, and enrichplot packages. P<0.05 while FDR<0.05 was considered a statistically significant difference. The Drug Signatures Database (DSigDB) currently holds 17,389 unique compounds and 19,531 drug target genes, and is freely available at http://tanlab.ucdenver.edu/DSigDB (17). We used the DSigDB database to identify potential drugs that significantly interacted with genes (18). P<0.05 was considered a statistically significant difference.



Immune Cell Infiltration

Infiltration of immune cells into the TME is known to influence tumour progression (19). A systematic analysis of the relationship between tumour immune infiltration and hub genes can throw light on the mechanism of tumour immune escape and facilitate the development of new biomarkers and therapeutic strategies. Thus, we checked for correlation between the expression of hub genes and immune infiltration in GC. By single-sample gene set enrichment analysis (ssGSEA), the infiltration of 28 immune cells was analysed, with the ssGSEA score set as the standard (20).



Quantitative Real-Time PCR

The cancerous tissues and normal tissues adjacent to the tumour were surgically excised, added to RNAlater protective solution, and frozen at -80°C for further examination. The total RNA was extracted by the TRIzol method. After centrifugation, 1 μg of total RNA was extracted from the supernatant, and cDNA was synthesised using a cDNA reverse transcription kit. The cDNA was used as the template and the GAPDH gene as the internal reference for real-time PCR. A two-step standard PCR amplification procedure was used: the first step was pre-denaturation at 95°C for 30 s for 1 cycle; the second step was PCR reaction at 95°C for 5 s, 60°C for 15 s, 72°C for 30 s for 40 cycles. Three replicate wells were set up for each sample and the relative expression of the target gene was calculated using the 2-ΔΔCT method. The primers used are as follows: NUDT10 (forward 5′- CGGTCCGAGAGGTGTACGA -3′, reverse 5′- AATCTTCCCAATCCTCCAGCA -3′).

METTL1 (forward 5′-GGCAACGTGCTCACTCCAA-3′, reverse 5′- CACAGCCTATGTCTGCAAACT-3′); NUDT4 (forward 5′-ACCAGTGGATTGTCCCAGGA-3′, reverse 5′-CCCAGAAGTCTGCCTAGTTTTC-3′); GEMIN5 (forward 5′-CCTCCGTCTTCCTTGTCCG-3′, reverse 5′- CAGAGACCCTTTCGGTGTGTC-3′); EIF4E1B (forward 5′-GGACTTCTGGGCGCTATACAG-3′, reverse 5′-CTTGAAGAGGGCGTAGTCACA-3′); and DCPS (forward 5′- GCAGCTCCTCAACTAGGCAAG-3′, reverse 5′-GAAGCCGGAGAACGGTAAGC-3′).




Results


Identification of Prognostic m7G-Related DEGs and Construction of a Prognostic Model

The flow chart was shown in Figure 1. Thirty-two normal tissue samples and 375 GC tissue samples were obtained from the TCGA database. As per the screening criteria, a total of 20 DEGs were identified out of 29 m7G-related genes (Figure 2A, green: low expression level; red: high expression level). Figure 2B shows the relationship between different m7G-related DEGs, with a significant positive correlation observed between most m7G-related genes. Nine DEGs were associated with overall survival in the univariate regression analysis(Figure 3A). After screening these genes by SVM, six genes were obtained(Figure 3B). They were then subjected to a multivariate Cox analysis, weighted according to the relative coefficients in the multivariate Cox regression. The scoring equation was:




Figure 1 | Flow diagram.






Figure 2 | (A) Heatmap of the differential m7G-related genes expression in the two groups. (B) The relationship between m7G -related DEGs. ns, p > 0.05; *p < 0.05; **P <0.01; ***p < 0.001.






Figure 3 | (A) Univariate Cox regression analysis. (B) Processes of SVM model fitting.



Risk score = NUDT10×0.021+METTL1×0.0223-NUDT4×0.00570+GEMIN5×1.44+EIF4E1B×0.175-DCPS×0.0254. GC patients were divided into high-risk and low-risk groups based on the median risk score (Figure 4A, median risk score=1.09). In addition, the ROC curve analysis showed that the area under the curve (AUC) was 0.814 at 1 year, 0.798 at 3 years, and 0.714 at 5 years(Figure 4B), all of which were greater than 0.7. The calibration curve (Figure S1) showed that the prediction results of the prognostic risk score model were in good agreement with the actual observations. The risk model described in this study demonstrates a good degree of discrimination and calibration. The K-M survival analysis showed a significant difference in the survival of the high-risk and low-risk groups (Figure 4C, p<0.05), with the high-risk group having a significantly lower survival rate than the low-risk group. The survival rate also decreased over time. PCA analysis showed that the different risk groups were distributed in two directions, suggesting that a six-gene prognostic risk score model could distinguish well between high- and low-risk groups (Figure 4D).




Figure 4 | (A) The distribution and median value of the risk scores in the derivation cohort. (B) AUC of time-dependent ROC curves verified the prognostic performance of the risk score in the derivation cohort. (C) Kaplan-Meier curves for the OS of patients in the high-risk group and low-risk group in the derivation cohort. (D) PCA plot of the derivation cohort.





Validation of Prognostic Models

The β’s calculated from the TCGA cohort and the expression levels of m7G-related genes in the validation cohort were used to calculate risk scores for patients in the validation cohort. PCR results demonstrate that six genes are still differentially expressed in the validation cohort(Figure 5A). Patients with GC were divided into high-risk and low-risk groups based on the median risk score(Figure 5B, median risk score=1.06). The results showed that compared with the low-risk group, the high-risk group had a worse prognosis (Figure 5C). Furthermore, the AUC of the 6-gene signature was 0.778, 0.761, and 0.714 at 1, 3, and 5 years, respectively(Figure 5D). On a calibration graph, the validation group revealed a moderate calibration (Figure S2).




Figure 5 | (A) Results of qRT-PCR analysis. *p < 0.05; **P <0.01; ***p < 0.001 (B) The distribution and median value of the risk scores in the derivation cohort. (C) Kaplan-Meier curves for the OS of patients in the high-risk group and low-risk group in the validation cohort. (D) AUC of time-dependent ROC curves verified the prognostic performance of the risk score in the validation cohort.





Independent Prognostic Value of the Prognostic Risk Score Model

Univariate and multivariate Cox regression analyses were performed to evaluate whether the prognostic risk score model could be used as an independent prognostic predictor. The risk score was found to be significantly associated with overall survival (OS) in patients with GC, and can thus be used as an independent prognostic factor for evaluating patients with GC (Table 3). Considering the clinical utility of the risk model, we incorporated clinical parameters to establish a nomogram to predict the 1-, 3-, 5- OS (Figure S3). The discrimination of the nomogram was assessed using the ROC curve. Figures S4, S5 show the ROC curves of the nomogram in modeling group and validation group respectively, and the results prove that the nomogram have good discrimination.


Table 3 | Independent prognostic value of the prognostic risk score model. Bold values indicate significant P-values (<0.05)





Functional Enrichment Analysis

The differentially expressed m7G-related genes were enriched in 144 biological processes (BP), 16 cellular components (CC), and 30 molecular functions (MF). Among GO-BP, there was significant enrichment of differential genes in the regulation of ‘cellular amide metabolic process,’ ‘regulation of translation,’ and ‘translational initiation.’ Significantly enriched GO-CC included ‘eukaryotic translation initiation factor 4F complex,’ ‘RNA cap binding complex,’ and ‘mRNA cap binding complex.’ The significantly enriched GO-MF included ‘translation initiation factor activity,’ ‘RNA 7−methylguanosine cap binding,’ and ‘RNA cap binding.’ Enrichment analysis by KEGG showed that the differentially expressed genes were mainly enriched in the ‘RNA degradation pathway,’ ‘EGFR tyrosine kinase inhibitor resistance pathway’, and ‘RNA transport pathway’ (Figure S6).



Analysis of Immune Infiltration Patterns in High- and Low-Risk Groups

To further explore the correlation between the prognostic risk score model and immune status, we quantified different immune cell subsets, cell functions, and pathways using ssGSEA. The scores of most immune cells, including CD8+_T_cells, iDCs, Mast_cells, pDCs, Th1_cells, Th2_cells, and macrophages, were significantly different between the high-risk and low-risk groups. Th1_cells, Th2_cells, CD8+ T cells, and APC co-stimulation scores, inflammation−promoting, T_cell_co−stimulation were higher in the low-risk group, indicating that the antigen presentation process and cellular and humoral immunity were better in the low-risk group (Figures 6A, B). Therefore, the weakening of anti-tumour immunity in high-risk patients may be a reason for their poor prognosis. We further analysed the relationship of the six genes with immune cells in gastric cancer, and found that DCPS, GEMIN5, and METTL1 had a significant positive correlation with Th2 cells, suggesting that they are synergistic in immune cell activation. In contrast, EIF4E1B and NUDT10 had a negative correlation with Th2 (Figure 7).




Figure 6 | The scores of 16 immune cells (A) and 13 immune-related functions (B) are displayed in boxplots. *, P < 0.05; **, P < 0.01; ***, P < 0.001; ns, P > 0.05.






Figure 7 | The relationship between genes and immune cells. The color and size of the datapoint represent the direction and significance (P-value) of the correlation.





Drug Sensitivity Analysis

Table S1 reveal the candidate drugs from the DSigDB database for the DEGs. Our results suggest that Trichostatin A and scriptaid may serve as a potential agent for the treatment of GC. Trichostatin A and scriptaid are histone deacetylase inhibitors (HDACi) (21). Studies have shown that some HDACi have the ability to resist tumour development through a variety of mechanisms, such as the induction of apoptosis, oxidative stress damage, and autophagy (22–24). Scott showed that HDACi blocked tumour cells in the G1/S phase and inhibited tumour growth (25). Vorinostat inhibits the growth of cancer cells by TGF‐β1 (26).




Discussion

GC is one of the most lethal solid tumours and is characterised by complex molecular and cellular heterogeneity (27). Currently, the molecular markers related to GC that are widely used in clinical practice include CEA, CA19-9 and CA724 (28); however, the specificity of this tumour marker is low and it does not have the ability to determine prognosis. Therefore, there is an urgent clinical need to develop new biomarkers for GC, which can help in early diagnosis and prognosis, and assist in the formulation of personalised treatment plans. RNA post-transcriptional modifications have lately been the hotspot of research in epigenetics and have received increasing attention in recent years (29). The aim of this study is to construct a prognosis-related gene prediction model for gastric cancer patients by screening survival-related m7G-related genes through high-throughput sequencing combined with bioinformatics.

Among more than 170 RNA post-transcriptional modifications identified so far, two-thirds of them are methylation modifications, including m1A, m6A, m5C, and m7G (29, 30). m7G was originally found in eukaryotic mRNA, tRNA and rRNA (31). As an important regulator of m7G, METTL1 expression is significantly upregulated in hepatocellular carcinoma and is associated with poor patient prognosis. It is also known to exhibit oncogenic activity through the PTEN/AKT signaling pathway (32). Although several molecular marker-based studies have attempted to predict the prognosis of GC, no study has systematically used m7G-related genes as molecular markers in this patient population. To our knowledge, this is the first study to explore the use of m7G-related genes as molecular markers for predicting the prognosis in patients with GC cancer.

Twenty genes associated with GC prognosis were identified by differential gene expression analysis. Six genes (NUDT10, METTL1, NUDT4, GEMIN5, EIF4E1B, DCPS) were finally selected based on univariate and multivariate Cox regression analysis, and used as the basis for constructing a prognostic risk score model. The model was further validated in the training and test sets and found to have relatively high AUC values in predicting patient survival at 1, 3, and 5 years, thereby confirming the good predictive ability of the model. Also, multi-factor Cox regression analysis confirmed that the present model could be used as an independent predictor. The enzyme encoded by the NUDT10 gene determines the rate of phosphorylation in DNA repair, stress response, and apoptosis (33). METTL1 exhibits oncogenic activity in hepatocellular carcinoma (24), while in colorectal cancer, it acts as a tumour suppressor (34). In addition, the overexpression of METTL1 also increased the chemosensitivity of colorectal cancer cells to cisplatin by regulating the miR-149-3p/S100A4/p53 axis (34). These results suggest that maintaining high levels of functional tRNAs may be critical for the role of METTL1 in cancer cells. NUDT4 encodes for the enzyme diphosphoinositol polyphosphate phosphohydrolases 2 that controls the turnover of diphosphoinositol polyphosphates, thus regulating intracellular vesicle trafficking and DNA repair (35). GEMIN5 regulates mRNA splicing and tumour cell motility (36). In addition, GEMIN5 has a key role in reprogramming cellular translation (37). We selected chemotherapy drugs that are currently used for the treatment of GC evaluated the effect of patients in the two groups to these drugs. A total of nine potential drugs were provided for treating GC.

In recent years, immune infiltration has come into focus as a prognostic indicator. To further explore the correlation between risk score models and immune status, we quantified different immune cell subsets, cell functions, and pathways and concluded that the co-stimulation scores for Th1_cells, Th2_cells, CD8+ T cells, and antigen presenting cells were higher in the low-risk group, indicating that antigen presentation and cellular and humoral immune responses were stronger in this group. Moreover, higher risk scores were associated with impaired anti-tumour immune response. Therefore, diminished anti-tumour immunity in high-risk patients may be a cause of their poor prognosis.



Conclusions

Based on the correlation between tumour and m7G, six genes were screened for correlation with patient prognosis and used to construct a risk score model, thereby providing new ideas and methods to assess the prognosis of GC.
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T stage, n (%) T 19 (6.2%)
T2 80 (21.8%)
T3 168 (45.8%)
T4 100 (27.2%)
N stage, n (%) NO 111 (31.1%)
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Gender, n (%) Female 134 (35.7%)
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Age, median (IQR)

67 (58, 73)






