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Abstract

:

Expression of MAGE family member A11 (MAGEA11) is upregulated in different tumors. However, in gastric cancer, the prognostic significance of MAGEA11 and its relationship with immune infiltration remain largely unknown. The expression of MAGEA11 in pan-cancer and the receiver operating characteristic (ROC) and survival impact of gastric cancer were evaluated by The Cancer Genome Atlas (TCGA). Whether MAGEA11 was an independent risk factor was assessed by Cox analysis. Nomograms were constructed from MAGEA11 and clinical variables. Gene functional pathway enrichment was obtained based on MAGEA11 differential analysis. The relationship between MAGEA11 and immune infiltration was determined by the Tumor Immunity Estimation Resource (TIMER) and the Tumor Immune System Interaction Database (TISIDB). Finally, MAGEA11-sensitive drugs were predicted based on the CellMiner database. The results showed that the expression of MAGEA11 mRNA in gastric cancer tissues was significantly higher than that in normal tissues. The ROC curve indicated an AUC value of 0.667. Survival analysis showed that patients with high MAGEA11 had poor prognosis (HR = 1.43, p = 0.034). In correlation analysis, MAGEA11 mRNA expression was found to be associated with tumor purity and immune invasion. Finally, drug sensitivity analysis found that the expression of MAGEA11 was correlated with seven drugs. Our study found that upregulated MAGEA11 in gastric cancer was significantly associated with lower survival and invasion by immune infiltration. It is suggested that MAGEA11 may be a potential biomarker and immunotherapy target for gastric cancer.
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1. Introduction


Gastric cancer, the world’s fifth most common cancer type, was diagnosed with approximately 1.1 million new cases in 2020 (5.6% of all cancer cases) [1]. Gastric cancer is also one of the most lethal malignancies, with a five-year survival rate of approximately 20% [2]. Among them, stomach adenocarcinoma (STAD) is the main pathological type of gastric cancer. Multiple clinical factors, such as age, tumor size, histological grade, lymphatic invasion, and number of lymph node metastases, have been shown in studies to affect the prognosis of gastric cancer [3,4]. Because of the complexity of gastric cancer incidence and tumor heterogeneity, despite the discovery of many prognostic markers, prediction efficiency remains insufficient [5,6,7,8]. Therefore, gastric cancer patients require new biomarkers for improved treatment and prognosis.



MAGE is a family of cancer antigens; members of the MAGEA family are involved in the regulation of apoptosis, cell cycle progression, and cell differentiation and proliferation [9], usually detected in cancer cells; and they can be found in lung cancer, breast cancer, and urothelial cancer [10]. It is highly expressed in various cancers such as malignant tumor, oral squamous cell carcinoma, esophageal carcinoma, hematopoietic malignant tumor, prostate cancer, and skin melanoma [11,12,13,14,15,16,17,18]. In healthy human reproductive tract tissue, melanoma antigen family A11 (MAGEA11) is a low-abundance, primate-specific steroid receptor coregulator that is crucial for tumorigenesis [19]. Currently, it is believed that MAGEA11 plays a role in regulating the androgen receptor signaling network. Through a chemical mechanism, it can boost the androgen receptor’s transcriptional activity [20,21]. MAGEA11 also acts as a human progesterone receptor-specific coregulator by interacting with the progesterone receptor [22]. MAGEA11 increases steroid receptor transcriptional activity in primates by interacting with p300 histone acetyltransferase [23] and p160 steroid receptor coactivator [24]. It has been reported that MAGEA11 also affects the cell cycle [12]. Studies have found that prostate cancer has abnormally high levels of MAGEA11 and high androgen receptor protein expression, and increased MAGEA11 expression is directly related to the progression of prostate cancer [23]. Recently, scientific interest in MAGEA11 has increased, but its association with gastric cancer is limited.



In this research, we investigated the expression of MAGEA11 in gastric cancer and used bioinformatics analysis to evaluate its correlation with the prognosis and immune infiltration of gastric cancer patients and the sensitivity to different chemotherapeutic drugs. Our study showed that upregulation of MAGEA11 in gastric cancer was significantly associated with decreased survival and invasion by immune infiltration.




2. Materials and Methods


2.1. Transcription Data


Visit The Cancer Genome Atlas (TCGA) website [25] to download the transcription and expression data of MAGEA11 and the associated clinical data. From 33 registered cancers, more than 5 samples were chosen for examination. Finally, log2 transformation and conversion of the workflow type FPKM RNA-seq gene expression data into TPM format were performed in preparation for further research. At the same time, we supplemented the sequencing data of normal gastric tissue included in the GTEx database and applied the same normalization as TCGA. Moreover, the GEO datasets (GSE54129, GSE84437) were also used for further validation. Ethics committee approval was not required for this study as all data were downloaded from TCGA, GTEx, and GEO.




2.2. RNA Sequencing Data of MAGEA11 in Gastric Cancer


We conducted a joint analysis of the sequencing data through the Xiantao platform (https://www.xiantao.love/products (accessed on 10 June 2022)). Therefore, 375 gastric cancers and 32 nearby normal tissues were preserved in TCGA, while 174 normal gastric tissues were preserved in GTEx. The chosen samples included information on the MAGEA11 gene expression as well as clinically relevant data, such as age, T stage, N stage, M stage, etc.




2.3. The Subcellular Distribution of MAGEA11


Using the HPA database (https://www.proteinatlas.org/ (accessed on 10 June 2022)), the subcellular distribution of the protein was investigated by immunofluorescence and confocal microscopy in up to cell lines.




2.4. Gene Enrichment Analysis


GSEA [26] was used to find meaningful biological features in the high and low expression MAGEA11 population in the STAD cohort. Using the “ggplot2”, “enrichPlot”, and “clusterProfiler” R package, GSEA, and functional pathway analysis were carried out between the two groups. Filter conditions include the following: adjusted p-value < 0.05, richness of normalized scores (|NES|) < 1, and false discovery rate (FDR) < 0.25 were considered significant differences. Gene Ontology (GO) is a widely used method in bioinformatics to explore which functions of gene sets are significant. The analysis of cellular component (CC), biological process (BP), and molecular function (MF) can be performed according to candidate genes. Kyoto Encyclopedia of Genes and Genomes (KEGG) is a novel approach to understanding advanced functions and biological systems from the level of molecular information, especially by genome sequencing and other high-throughput experimental techniques generated from large molecular datasets. GO and KEGG were analyzed for enrichment through the “clusterProfiler” package, and “org.Hs.eg.db” was applied for ID transformation, and the “ggplot2” package was used for data visualization. A filter condition of p < 0.05 was set.




2.5. Construction and Evaluation of Nomograms


Based on the results of the multivariate analysis, individual predictive nomograms [27] for 1-, 3-, and 5-year survival probability were constructed. The “RMS” ”survival” package was used to generate nomograms with important clinical characteristics and calibration plots. The calibration curve was used to estimate its predictive power.




2.6. Protein–Protein Interaction (PPI) Network and Functional Enrichment Analysis


An online database called STRING [28] (https://www.string-db.org/ (accessed on 10 June 2022)) was used to look up interacting genes. The data of protein interaction are mainly obtained through experiments, text mining, database mining, gene adjacency, co-expression, and other methods. A PPI network [29] was created in this study by using STRING to look for co-expressed genes and a setting of 0.4 for the interaction score. The enrichment analysis of functional pathways of interacting genes also used GO and KEGG analysis.




2.7. Gene Alteration Analysis


Through the cBioPortal database (https://www.cbioportal.org/ (accessed on 10 June 2022)), the genetic alteration profile of MAGEA11 was discovered. In the Cancer Type Summary module, findings for altered frequency, mutation type, and copy number alterations (CNAs) were seen across all TCGA tumors. The “mutation” module’s three-dimensional structure can display the MAGEA11 mutation site information. Somatic copy number changes (sCNAs) represent an important class of mutations in the cancer genome. Using the Tumor Immunity Estimation Resource (TIMER) database (https://cistrome.shinyapps.io/timer/ (accessed on 10 June 2022)), immune infiltration distribution can be compared by sCNA status. Using copy number segmentation profiles, GISTIC2. 0 (25) calculates the sCNA information at the gene level, including “deep deletion”, “arm-level deletion”, “diploid/normal”, “arm-level gain”, and “high amplification”. The violin plot depicted the distribution of immune infiltration among the various sCNA states of the gene.




2.8. Immune Microenvironment Correlation Analysis


The relationship between MAGEA11 and immune checkpoints was analyzed by the TIMER database. The Tumor Immune System Interaction Database (TISIDB) (http://cis.hku.hk/TISIDB/ (accessed on 10 June 2022)) was used to determine the expression of MAGEA11 and tumor-infiltrating lymphocytes (TILs) in human cancers. Genomic variation analysis and gene expression profiles were used to infer the relative abundance of TILs. MAGEA11 and TILs’ correlation was evaluated using Spearman’s test. The relative abundance threshold was set to p value < 0.05.




2.9. Drug Sensitivity Analysis


The National Cancer Institute (NCI) Cancer Research Center’s list of 60 cancer cells is compiled in the CellMiner database. For testing anticancer drugs, the NCI-60 cell line is currently the most frequently used cancer cell sample group. Through correlation analysis, this study examined the relationship between genes and common antitumor drug sensitivity, it downloaded NCI-60 drug sensitivity data and RNA-seq gene expression data.




2.10. Statistical Analysis


R (V4.1.2) was used to perform all statistical analyses, and Cox regression analysis was performed through the “survival” package to identify independent prognostic factors for overall survival. To distinguish between normal tissue and gastric cancer tissue, paired T tests or Mann–Whitney U tests were applied. ROC curves were used to detect MAGEA11 cutoffs [30,31] using the pROC package.





3. Results


3.1. Expression of MAGEA11 in Tumors


To assess the mRNA expression patterns of MAGEA11 in different cancer types, as shown in Figure 1A, MAGEA11 was significantly different in 21 cancers compared to normal tissues. According to this information, MAGEA11 mRNA expression was abnormal in various cancer types.



To examine the expression of MAGEA11 mRNA in gastric cancer, we analyzed the MAGEA11 expression data in TCGA. The MAGEA11 mRNA expression level in gastric cancer tissues (n = 375) was significantly higher than that in normal tissues (n = 32), according to unpaired data analysis (Figure 1B). At the same time, we supplemented the GTEx database and the GEO database (GSE54129) for joint analysis and also found that the expression of MAGEA11 in gastric cancer was significantly higher than that in normal tissues (Supplementary Figures S1 and S2). These outcomes showed that the mRNA expression of MAGEA11 was upregulated in gastric cancer tissues.



Receiver Operating Characteristic (ROC) curve analysis was carried out to examine the diagnostic utility of MAGEA11 in differentiating gastric cancer samples from normal tissues. As shown in Figure 1C, ROC curve analysis indicated that the area under curve (AUC) value of MAGEA11 was 0.667, 95% confidence interval (95%CI = 0.596–0.737). The findings implied that MAGEA11 may be a promising biomarker to distinguish normal tissue from adenocarcinoma tissue. Subsequently, MAGEA11 mRNA expression and overall survival (OS) were investigated in gastric cancer patients using the Kaplan–Meier (KM) curve. Figure 1D demonstrates that patients with high-level gastric cancer with MAGEA11 had shorter OS than patients with low-level gastric cancer with MAGEA11 (p = 0.034). At the same time, we applied the GEO database (GSE84437) to verify the survival and also found that the survival of the MAGEA11 high expression group was significantly lower than that of the MAGEA11 low expression group (p = 0.02) (Supplementary Figure S3). Finally, we analyzed the expression of MAGEA11 at subcellular localization, and we found the subcellular distribution of MAGEA11 mainly localized in the nucleoplasm (Figure 1E).




3.2. Independent Risk Factors


To explore whether MAGEA11 acts as an independent risk factor in STAD, we performed Cox regression analysis. Univariate Cox regression analysis showed that T stage, N stage, M stage, age, pathologic stage, and MAGEA11 expression were associated with OS. Furthermore, multivariate Cox regression analysis showed that M stage (HR = 2.030, p = 0.029), age (HR = 1.674, p = 0.007), and MAGEA11 expression (HR = 1.175, p = 0.025) were independent prognostic factors for STAD patients (Figure 2). These results suggest that in STAD, up-regulated MAGEA11 is associated with poorer prognosis and acts as an independent risk factor.




3.3. Gene Enrichment Analysis


According to the median expression value of MAGEA11, we examined differentially expressed genes (DEGs) between low and high MAGEA11 expression groups to understand the biological function. A GSEA pathway analysis was performed (Figure 3A). The results show that high expression is enriched in REACTOME_OLFACTORY_SIGNALING_PATHWAY, REACTOME_KERATINIZATION and REACTOME_G_ALPHA_S_SIGNALLING_EVENTS. Low expression was found to be enriched in PID_IL12_STAT4_PATHWAY, REACTOME_PD_1_SIGNALING. Meanwhile, we completed GO and KEGG analysis (Figure 3B). The first five BP terms were associated with cornification, keratinocyte differentiation, keratinization, epidermal cell differentiation, and epidermis development. The first five CC terms are related to cornified envelope, keratin filament, intermediate filament, chylomicron, and integrator complex. The first five MF terms are related to hormone activity, structural constituent of epidermis, GABA-A receptor activity, chloride channel activity, and GABA receptor activity. KEGG is mainly enriched in cholesterol metabolism, complement and coagulation cascades, nicotine addiction, neuroactive ligand–receptor interaction, and Staphylococcus aureus infection.




3.4. Construction and Verification of Nomogram


First, we constructed a clinical baseline table of STAD patients(Table 1). Subsequently, to provide a quantitative method for predicting the prognosis of STAD patients, a nomogram composed of MAGEA11 and related clinical risk factors (T/N stage, age, pathological stage) was constructed. A point ruler is used to assign points to these variables in this nomogram, which is based on a Cox analysis. Determine the variable’s point total by drawing a line, and then change the sum of the points assigned to each variable to a range of 0 to 100. The sum of the integrals for each variable is recorded as the final score. The survival probabilities of STAD patients at 1, 3, and 5 years were calculated vertically from the total point axis to the outcome axis (Figure 4A). In order to test the predictive ability of the nomogram, it was evaluated by the calibration curve of the predictive model. The 1-, 3-, and 5-year calibration curves approximated the 45-degree baseline (Figure 4B–D), indicating a high agreement between the actual and expected survival for this model.




3.5. PPI Network and Functional Notes


The PPI network was constructed from the STRING database, and GO and KEGG analyses were performed. Figure 5A shows a network of MAGEA11 and its 10 interacting genes. As shown in Figure 5B, the interacting genes in BP are related to negative regulation of G1/S transition of mitotic cell cycle, negative regulation of cell cycle G1/S phase transition, regulation of G1/S transition of mitotic cell cycle, regulation of cell cycle G1/S phase transition, and negative regulation of mitotic cell cycle phase transition. In CC, interacting genes are mainly enriched in transcription factor complex, histone acetyltransferase complex, protein acetyltransferase complex, acetyltransferase complex, RNA polymerase II transcription factor complex, and other functions. MF annotation shows that these genes are involved in RNA polymerase II activating transcription factor binding, activating transcription factor binding, nuclear hormone receptor binding, RNA polymerase II transcription factor binding, hormone receptor binding, and other functions. In KEGG enrichment analysis, interacting genes were found in cell cycle, human papillomavirus infection, TGF-beta signaling pathway, prostate cancer, and thyroid hormone signaling pathway.




3.6. MAGEA11 Mutation Analysis


We observed the genetically altered status of MAGEA11 in different tumor samples from the TCGA cohort. “Amplification” type of sCNA was the predominant type in gastric cancer cases, which showed an altered frequency of about 2.27% (Supplementary Figure S4A). Supplementary Figure S4B further illustrated the type, locus, and case number of MAGEA11 genetic alterations. The results suggested that the missense of MAGEA11 was the main type of genetic alterations. Alterations in the Tudor domain of R235C/L were detected in three different cancer patients, and we observed the R235C/L site in the three-dimensional structure of MAGEA11 protein (Supplementary Figure S4C). Finally, we observed the distribution of T cell CD4+ memory resting, T cell CD8+, neutrophils, and B cell naive immune infiltration in different sCNA status of MAGEA11 in the TIMER database (Supplementary Figure S4D–G).




3.7. Correlation of MAGEA11 with Immune Checkpoints and Immune Cell Infiltration


PD-L1(CD274), PD-1(PDCD-1), and CTLA-4 were key immune checkpoints involved in tumor immune escape. Given MAGEA11’s putative oncogenic function in STAD, the association of MAGEA11 with PD-L1, PD-1, and CTLA-4 was investigated in the TCGA-STAD database (Figure 6A) and TIMER databases (Figure 6B). In STAD, there was a substantial negative correlation between MAGEA11 and PD-L1, PDCD1, and CTLA-4.



In the TISIDB database, we simultaneously evaluated the relationship between MAGEA11 expression and lymphocytes. As shown in Figure 6C, the expression of MAGEA11 correlated with lymphocyte abundance. Act_CD4+ T cells (r = −0.135, p = 0.00594), Act_CD8+ T cells (r = −0.197, p = 5.51 × 10−5), NK cells (r = −0.316, p = 5.78 × 10−11), and Treg cells (r = −0.233, p = 1.65 × 10−6). These data suggest that high expression of MAGEA11 inhibits immune cell infiltration, creating an environment for immune escape tolerance.




3.8. Drug Sensitivity


Genes associated with the sensitivity and resistance of cancer drugs have been extensively studied [32,33]. We explored the sensitivity of MAGEA11 gene to common antitumor drugs using the CellMiner database, and further calculated the relationship between gene expression and drug sensitivity. The study found that the expression of MAGEA11 gene was related to 7 kinds of drug sensitivity (Figure 7). Among them, MAGEA11 was negatively correlated with 3−Bromopyruvate (acid) and positively correlated with PF-04217903, 4SC-202, Indibulin, Tipifarnib, ETHINYL ESTRADIOL, and Okadaic acid.





4. Discussion


Gastric cancer seriously threatens people’s health and life, with high incidence, low early diagnosis rate, and low survival rate [34]. Therefore, the identification of diagnostic and prognostic markers in gastric cancer has rapidly become a very important subject area. There are many types of diagnostic and prognostic biomarkers for cancers, including gene expression [35], histopathological images [36,37,38], tissue microbes [39], and tumor microenvironment [40], among which gene expression might be the most studied. At present, there is no clear research report on the role of MAGEA11 in human gastric cancer, and it is worthy of attention to explore the expression of MAGEA11 and its effect on gastric cancer.



Studies have shown that MAGEA11 can be highly expressed in a variety of tumors and may be expected to be a marker for prognosis and diagnosis. Shiheng et al. found that MAGEA11 can be used as a diagnostic and prognostic marker for head and neck squamous cell carcinoma [41], Shina et al. demonstrated that MAGEA11 can promote the proliferation of esophageal squamous cell carcinoma [42], and Shifeng also demonstrated that MAGEA11 can predict renal cell carcinoma risk and survival [19]. In this paper, we found that MAGEA11 was significantly highly expressed in gastric cancer patients, and it was correlated with the survival of patients. We believe that MAGEA11 is associated with the poor prognosis of gastric cancer because patients with high expression of MAGEA11 had relatively shorter survival times. M stage, age, and MAGEA11 could all be independent prognostic factors, according to additional univariate and multivariate Cox risk regression analysis.



Subsequently, we found that gene enrichment functional analysis mainly focused on genes related to keratinization, and the pathways were mainly enriched in cholesterol metabolism, complement and coagulation cascades, nicotine addiction, neuroactive ligand–receptor interactions, and Staphylococcus aureus infection. The current study found that keratinocytes can be one of the risk factors for gastric cancer [43] and play a large role in the progression of gastric cancer [44], and keratinocytes can specifically stimulate the proliferation of gastric cancer cells [45]. Gastric cancer is also associated with fatty acid metabolism, which can lead to increased rates of fatty acid and cholesterol synthesis, and lipid metabolism has been implicated in gastric cancer progression [46]. Complement levels were significantly elevated in gastric cancer [47], complement activation in the tumor microenvironment enhanced tumor growth and increased metastasis [48], and complement could be used as one of the markers of poor prognosis in gastric cancer [49]. Cancer research has also revealed coagulation-related events during tumor onset, progression, and metastasis [50]; coagulation factors can be abundantly expressed in gastric cancer [51]; and differentially expressed RNAs in gastric cancer are mainly rich in neuroactive ligand–receptor interactions’ effect [52]; nicotine and tobacco addiction can increase risk [53]; there is increasing evidence that bacterial infection is also an important factor in inducing cancer [54]. GABA receptors are highly expressed in gastric cancer [55] and can enhance the proliferation ability of gastric cancer cells [56]. Additionally, we created a nomogram in this article to visually display five clinicopathological variables (MAGEA11, age, pathological stage, T/N stage). The calibration curve suggests that the nomogram has good predictive power. Moreover, we analyzed the interaction genes of MAGEA11 by string and analyzed by enrichment. They were found to be closely related to the cell cycle, transcription, and hormones. These also make preliminary preparations for the follow-up biological mechanism research.



Tumor immune infiltration, tumor microenvironment, immune checkpoint molecules, and immune cell pathways are dynamic and play a role in tumorigenesis and progression [57]. Earlier research [58] has indicated that immune cell infiltration in the tumor microenvironment has prognostic value in a range of cancers. PD-1 is a transmembrane inhibitory protein that is expressed on T cells, B cells, natural killer cells (NK), and myeloid-derived suppressor cells (MDSC) [59]. The PD-1/PD-L1 pathway can form a local immunosuppressive environment [60] and play an important role in gastric cancer cell immune escape [61]. CTLA-4 mediates immunosuppression by indirectly reducing signaling through the costimulatory receptor CD28 [62]. Our results found that MAGEA11 is negatively correlated with PD-L1, PD-1, and CTLA-4, and it may be that anti-PD-1/PD-L1 has poor efficacy in the high expression group of MAGEA11. Through TISIDB database analysis, it was found that MAGEA11 expression was negatively correlated with CD4+ T cells, CD8+ T cells, NK cells, and Treg cells. Circulating CD4+ T cells can target cancer cell surface antigens and activate peripheral blood CD8+ T cells, allowing them to enter the tumor microenvironment and kill cancer cells [63,64]. Bihui et al. confirmed that NK cells have strong antitumor activity and can effectively eliminate and inhibit gastric cancer cells [65,66]. Our data indicated that with high expression of MAGEA11, the immune microenvironment inhibits the infiltration of immune cells, creating an environment for immune escape tolerance. Finally, we explored seven drugs that inhibit MAGEA11 through the CellMiner database. Preliminary studies support that PF-04217903, 4SC-202, Indibulin, Tipifarnib, ETHINYL ESTRADIOL, and Okadaic acid can target MAGEA11, which is expected to make new progress in gastric cancer treatment.



We also need to enrich and validate the above findings using clinical samples and cell animal experiments to better understand the detailed mechanism of MAGEA11 and gastric cancer immune invasion. Finally, we discovered for the first time in this study that MAGEA11 is highly upregulated in gastric cancer as a potential prognostic marker and may play a specific role in immune infiltration.




5. Conclusions


In the present study, we found for the first time that MAGEA11 is upregulated and has poor prognosis in gastric cancer and may play a specific role in immune infiltration. Thus, MAGEA11 can be used as a potential prognostic marker.
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Figure 1. MAGEA11 expression and prognosis. (A) Expression of MAGEA11 in pan-cancer. (B) MAGEA11 mRNA expression in gastric cancer and normal tissues. (C) ROC curve. (D) Kaplan–Meier survival curve. (E) The subcellular distribution of MAGEA11. Green is the target protein staining, red is microtubules staining, and blue is nucleus staining. (* p < 0.05, ** p < 0.01, and *** p < 0.001). 
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Figure 2. Cox regression analysis of MAGEA11 expression and related clinical features in overall survival of STAD patients. (A) Univariate Cox regression analysis. (B) Multivariate Cox regression analysis. 
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Figure 3. Gene enrichment analysis. (A) GSEA functional analysis of genes enriched in representative pathways. (B) GO and KEGG analysis of DEGs in MAGEA11 low and high expression samples. 
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Figure 4. A nomogram was constructed to predict the survival probability of STAD patients. (A) Nomogram for predicting 1-, 3-, and 5-year STAD survival probability, including MAGEA11 and clinical risk factors. (B–D) Calibration curves of the nomogram predicting OS in patients with STAD. Calibration curves of the nomogram predict 1-year (B), 3-year (C), and 5-year (D) OS in patients with STAD. 
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Figure 5. PPI network and feature enrichment analysis. (A) MAGEA11 and its interacting gene network. (B) Functional enrichment analysis of interacting genes. 
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Figure 6. Correlation of MAGEA11 with immune checkpoints and immune cell infiltration. Correlation between MAGEA11 and PD-L1 (CD247), PD-1(PDCD-1), CTLA-4 expression in (A) the TCGA-STAD database and (B) TIMER database, respectively. (C) MAGEA11 and Act_CD4 + T cells, Act_CD8 + T cells, NK cells, and Treg cells’ correlation abundance. 
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Figure 7. The correlation diagram of gene and drug sensitivity. (A) PF-04217903, (B) 4SC-202, (C) Indibulin, (D) Tipifarnib, (E) ETHINYL ESTRADIOL, (F) 3−Bromopyruvate (acid), and (G) Okadaic acid. The x-axis is gene expression, and the y-axis is drug sensitivity. 
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Table 1. TCGA Clinical Baseline Data Sheet for STAD Patients.
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	Characteristic
	Low Expression of MAGEA11
	High Expression of MAGEA11
	p





	n
	187
	188
	



	T stage, n (%)
	
	
	0.358



	T1
	7 (1.9%)
	12 (3.3%)
	



	T2
	37 (10.1%)
	43 (11.7%)
	



	T3
	83 (22.6%)
	85 (23.2%)
	



	T4
	56 (15.3%)
	44 (12%)
	



	N stage, n (%)
	
	
	0.755



	N0
	57 (16%)
	54 (15.1%)
	



	N1
	52 (14.6%)
	45 (12.6%)
	



	N2
	36 (10.1%)
	39 (10.9%)
	



	N3
	34 (9.5%)
	40 (11.2%)
	



	M stage, n (%)
	
	
	1.000



	M0
	163 (45.9%)
	167 (47%)
	



	M1
	12 (3.4%)
	13 (3.7%)
	



	Gender, n (%)
	
	
	0.251



	Female
	61 (16.3%)
	73 (19.5%)
	



	Male
	126 (33.6%)
	115 (30.7%)
	



	Age, median (IQR)
	67.5 (57.75, 74)
	67 (59, 73)
	0.715
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