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Costimulatory molecules (CMGs) play essential roles in multiple cancers. However, lncRNAs regulating costimulatory molecules have not been fully explored in gastric cancer (GC). Public data of GC patients were obtained from The Cancer Genome Atlas database. R software v4.1.1, SPSS v13.0, and GraphPad Prism 8 were used to perform all the analyses. The Limma package was used for differential expression analysis. The survival package was used for patient prognosis analysis. The gene set enrichment analysis (GSEA), gene ontology (GO), and the Kyoto encyclopedia of genes and genomes (KEGG) analysis were used for pathway enrichment analysis. qRT-PCR was used to detect the RNA level of target lncRNA. CCK-8 and colony formation assay were used to assess the proliferation ability of GC cells. The transwell assay was used to evaluate the invasion and migration ability of GC cells. We first identified CMG-related lncRNAs (CMLs) through co-expression analysis. Then, an eight-CML-based signature was constructed to predict patient overall survival (OS), which showed satisfactory predictive efficiency (the training cohort: 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840; the validation cohort: 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822). The patients in the high-risk group tend to have a worse prognosis. GSEA showed that epithelial–mesenchymal transition, KRAS signaling, and angiogenesis were aberrantly activated in high-risk patients. GO and KEGG analyses indicated that the biological difference between high- and low-risk patients was mainly enriched in the extracellular matrix. Immune infiltration analysis showed that macrophages (M1 and M2), dendritic cells, monocytes, Tregs, and T regulatory cells were positively correlated with the risk scores, partly responsible for the worsening OS of high-risk patients. Finally, lncRNA AP000695.2 was selected for further experiments. The result showed that AP000695.2 was upregulated in GC cell lines and could facilitate the proliferation, invasion, and migration of GC cells. In summary, this study established an effective prognosis model based on eight CMLs, which would be helpful for further therapy options for cancer. Also, we found that AP000695.2 could promote GC cell malignant phenotype, making it an underlying therapy target in GC.
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INTRODUCTION
Gastric cancer (GC) is the fourth most common malignant tumor globally, resulting in over 1.2 million new cases and 900,000 cancer-related deaths per year (Smyth et al., 2020). Epidemiological research results demonstrated that the incidence of GC in young people is gradually increasing, with the characteristics of high morbidity, metastasis, and mortality (Sitarz et al., 2018). Meanwhile, due to the lack of specific signs of early GC, most patients have already developed advanced GC with poor prognosis at their first diagnosis (Song et al., 2017). Recently, the combined application of chemotherapy and targeted therapy has significantly prolonged the overall survival of patients with advanced GC (Stewart et al., 2020). Since the GC has specific precancerous lesions, early screening and monitoring of patients with these lesions can significantly reduce the incidence and mortality of GC, especially in the countries with high incidence like Japan and South Korea (Wei et al., 2020). Some mechanisms of GC have been explored, leading to the application of primary and secondary prevention, including a healthy lifestyle and the eradication of Helicobacter pylori (Correa, 2013). Therefore, it is still urgent to explore early diagnosis markers to improve the early diagnosis rate and extend the survival time of GC patients.
Costimulatory molecules are cell surface molecules and their ligands that provide costimulatory signals for the complete activation of T cells or B cells (Podojil and Miller, 2009). T lymphocytes express CD28, and antigen-presenting cells express CD80 and B7-2 CD86 (Pasquini et al., 1997). A previous study has discovered the potential application of the cell costimulatory molecule OX40 and its homologous ligand OX40L in autoimmune diseases and cancer immunotherapy (Karimi et al., 2013). In addition, when combined with other therapy, including anti-PD-1, anti-CTLA-4 therapy, cytokines, chemotherapy, or radiotherapy, the antitumor activity of anti-OX40 treatment will be further enhanced (Wei et al., 2018). With the rapid development in cancer biology, many molecular targeted drugs have demonstrated significant antitumor activity in various tumors (Tamada and Chen, 2000). Immunotherapy, as a new type of anticancer therapy, is applied to identify and eliminate malignant tumors by using immune monitoring to inhibit the development of tumors (Mueller, 2000). The success of immune checkpoint inhibitors might depend on the deep understanding of immunosuppressive conditions in the human immune system (Schietinger and Greenberg, 2014). The naive T cells need two signals to be active. The first signal is the recognition of T cell receptors to a specific antigen, and the second is the unspecific costimulatory signal, which was essential for T cell attack (Bluestone, 1995). Costimulatory molecules are classified as B7-CD28 and TNF family members. Long noncoding RNA (lncRNA) can perform diverse biological functions with more than 200 nucleotides (Ferrè et al., 2016). Some studies have investigated the role of lncRNAs in regulating costimulatory molecules. For example, Zhao et al. (2019) revealed that lncRNA SNHG14 could regulate the PD-1/PD-L1 checkpoint through a positive feedback loop miR-5590-3p/ZEB1 axis, further promoting diffuse large B cell lymphoma progression and immune evasion. Also, Zhang et al. (2020) showed that lncRNA GATA3-AS1 could facilitate tumor progression and immune escape in triple-negative breast cancer through destabilization of GATA3 but stabilization of PD-L1. Therefore, there is a need for full-scale investigations of lncRNAs participating in regulating costimulatory molecules in GC.
Nowadays, the rapid development of bioinformatics technology brings great convenience for researchers. This study identified eight prognosis-related CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which might play an important role in GC. Based on these CMLs, an effective prognosis model was constructed to predict GC patient prognosis, which showed satisfactory prediction efficiency. Following this, we performed pathway enrichment and immune infiltration analysis to explore the biological difference between high- and low-risk patients. Finally, CML AP000695.2 was selected for further analysis for its correlation with T and N stages. In vitro experiments indicated that AP000695.2 was upregulated in GC cells and could promote GC progression.
MATERIALS AND METHODS
Data Acquisition and Preprocessing
The Cancer Genome Atlas database, (TCGA, https://portal.gdc.cancer.gov/), a project supervised by the National Cancer Institute and the National Human Genome Research Institute, aims to apply the high-throughput genome analysis technology and help people obtain a better understanding of cancer, thereby improving the abilities of cancer prevention, diagnosis, and treatment. In this study, the transcriptome data of GC patients (TCGA-STAD) and their clinical information were downloaded from the TCGA dataset, which involved 32 normal samples and 375 tumor samples. In addition, 59 costimulatory molecules (CMGs) were finally identified based on previous studies (Croft et al., 2013; Schildberg et al., 2016). The Homo_sapiens.GRCh38.gtf reference file was used for probe annotation. Based on the co-expression analysis, CMG-related lncRNAs (CMLs) were identified, meeting the Pearson correlation coefficient (|cor| > 0.30, p < 0.05) with the costimulatory molecules. The limma package in R software was applied to perform the differential expression analysis on GC samples compared with normal samples.
Construction and Validation of the Prognostic Costimulatory Molecule Risk-Scoring Model
In addition, to further establish and verify the CML-based prognosis prediction model, GC patients with complete follow-up information in TCGA-STAD are randomly divided into training and validation cohorts. Next, the survival package in R software was applied in univariate Cox regression to identify prognosis-related CMLs. The Lasso regression analysis was used to reduce the influence of collinearity. We finally constructed the CMG-based prognostic prediction model by performing multivariate Cox regression. The risk score of each patient was calculated with the formula of “Risk score = CoefA * GeneA + CoefB * GeneB + … + CoefN * GeneN”. The Kaplan–Meier survival analysis and receiver operating characteristic (ROC) curves were used to evaluate the stability of the prognostic model. The area under the ROC curve (AUC) value > 0.65 was considered to have a good predictive value, and > 0.8 was regarded to have an excellent predictive value.
Clinical Correlation and Pathway Enrichment
The clinical data of GC patients, including age, gender, tumor grade, and pathological stage, were downloaded from the TCGA database. Then, the relationship between prognosis-related lncRNAs, risk score, and clinical characteristics was evaluated by a box plot. We also performed univariate and multivariate Cox regression analyses to explore whether the prognostic model is independent of other traditional clinical features. In addition, the nomogram, which involved the clinical features and risk scores, was constructed based on TCGA-STAD cohorts. The calibration plot was drawn to evaluate the predicted probability and fitness of the nomogram. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed by ClusterProfiler packages in R software to explore the underlying biological difference between high- and low-risk patients (Yu et al., 2012). Gene set enrichment analysis (GSEA) was used to explore the correlation between risk scores and cancer pathways and the reference gene set was the “Hallmark” (Subramanian et al., 2005).
The Immune Infiltration Analysis
The CIBERSORT algorithm was applied to analyze the RNA-seq data of GC patients to evaluate the relative proportions of 22 immune infiltrating cells in low- and high-risk groups (Chen et al., 2018). The Spearman correlation analysis was performed on gene expression and immune cell distribution, and p < 0.05 was considered statistically different. ESTIMATE in R software was used to estimate the proportion of the cells in the tumor microenvironment, shown in ImmuneScore, StromalScore, and EstimateScore forms.
Immunotherapy and Drug Sensitivity Analyses
Tumor Immune Dysfunction and Exclusion (TIDE) analysis was performed to explore the underlying response rate difference of GC patients on immunotherapy (Jiang et al., 2018). The drug sensitivity analysis was conducted based on the Genomics of Drug Sensitivity in Cancer (GDSC) database (Yang et al., 2013).
Cell Lines and Quantitative Real-Time PCR
Human normal gastric mucosal cells (GES-1) and gastric cancer cells (MGC-803, BGC-823, AGS, HGC-27) were laboratory stock. Total RNA was extracted using a RNA simple total RNA kit (Invitrogen). The SYBR Green PCR system was used to perform Quantitative Real-Time PCR (qRT-PCR). The shRNA sequences targeting for the human ENSG00000233818 (AP000695.2) longest transcript were designed with Invitrogen online design software (BLOCK-iTTM RNAi Designer). The primers used were as follows: AP000695.2, forward primer: 5′-ACC​CAG​CCA​ACT​TGT​CAT​GT-3′, reverse primer: 5′-ACA​TCT​TCC​TGC​ACT​GCC​AA-3′, GAPDH: 5′-GGA​GCG​AGA​TCC​CTC​CAA​AAT-3′, reverse primer: 5′-GGC​TGT​TGT​CAT​ACT​TCT​CAT​GG-3′.
Cell Transfection
Cell transfection was performed using Lipofectamine 2000 following the standard process (AGS and HGC-27 cells). The shRNA primers used were as follows:
Cell Proliferation Assay
CCK-8 and colony formation assays were used to evaluate the proliferation ability of GC cells. Briefly, for the CCK-8 assay, cells were seeded into a 96-well plate and added with the CCK-8 reagent according to the manufacturer’s instructions. At the set time (0, 24, 48, and 72 h), cell proliferation ability was detected by measuring the absorbance at 460 nm. For the colony formation assay, cells were seeded into a six-plates well with 800 cells per well. Then, the cells were cultured routinely for 14 days (the medium was replaced every 4 days). Finally, cell clones were fixed and stained with crystal violet.
Transwell Assay
Transwell assay was performed to assess the invasion and migration ability of GC cells using 24-well transwell chambers. Briefly, cells with the serum-free medium were added into the upper chambers with or without Matrigel. Lower chambers were added with a medium (600 μl) containing 10% serum. After 24 h, cells were fixed and stained.
Data Analysis
All the analyses were performed in R software v4.1.1, SPSS v13.0, and GraphPad Prism 8. The p-value was two-sided and < 0.05 was regarded as statistically significant. Student’s t-test was used to compare the difference between the two groups. The workflow is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of the whole study.
RESULTS
Identification of CMG-Related lncRNAs and Differential Expression Analysis
The workflow of the whole study is shown in Figure 1. We first performed the co-expression analysis to identify CMLs with the Pearson correlation coefficient of |cor| > 0.3 and p < 0.05 with CMGs (Figure 2A). Based on these CMLs, we performed a differentially expressed analysis between normal and GC tissues. A total of 279 and 224 differentially expressed lncRNAs were identified from all GC samples and paired GC samples compared with normal samples, respectively (Figures 2B,C). As is shown in Figure 2D, 205 CMLs were differentially expressed in GC samples and paired GC samples compared with normal samples, which were selected for further analysis.
[image: Figure 2]FIGURE 2 | Identification of costimulatory molecule–related lncRNAs. (A): Overview of CMGs in the TCGA cohort; Co-expression analysis was performed to identify costimulatory molecule–related lncRNAs with the Pearson correlation coefficient of |cor| > 0.3 and p < 0.05 with CMGs; (B): Differential CML analysis between all normal and GC tissues; (C): Differential CML analysis between paired normal and GC tissues; (D): Venn diagrams showed that 205 CMLs were differentially expressed in GC samples and paired GC samples compared with normal samples.
Construction and Validation of the CMGs-Related lncRNAs Based Prognostic Model
A total of 47 prognosis-related CMLs were identified by using the univariate cox regression analysis for their significant association with the overall survival (OS) of GC patients (Table 1). Furthermore, we performed the LASSO Cox regression analysis based on the aforementioned prognostic-related genes, and the optimal model was constructed with the least parameters when the lambda was minimum (Figures 3A,B). Finally, eight CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3 were identified to construct a prognostic model through multivariate Cox regression (Figure 3C). Each patient was assigned a risk score with the formula of “Risk score = 0.037 * AC027117.2 + 0.198 * AC016737.1 + 0.077 * LINC01614 + 0.303 * AC147067.2 + 0.221 * AP000695.2 + 0.292 * LINC01094 + 0.111 * HAGLR + −0.048 * AL365181.3”. The patients were then randomly divided into training and validation cohorts at the ratio of 1:1. According to the median cutoff, patients were divided into low-risk and high risk groups. The result revealed that GC patients in the high-risk group had a higher overall mortality rate than the low-risk group (Figures 3D,E). Meanwhile, the Kaplan–Meier survival analysis demonstrated that patients in the low-risk group had a longer survival time compared with the high-risk group in the training cohort (Figure 3F). The ROC curve showed that our model had a satisfactory prediction efficiency (Figure 3G; 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840). Similar conclusions were also observed in the validation cohort (Figures 2H,I; 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822).
TABLE 1 | Prognosis-related CMLs identified by the univariate Cox regression analysis.
[image: Table 1][image: Figure 3]FIGURE 3 | Construction and validation of the CML-based prognosis model. (A,B): Lasso regression analysis was performed to conduct dimension reduction; (C): Multivariate Cox regression analysis was performed to construct a prognostic model with p < 0.05 and the model genes include AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HA,GLR and AL365181.3; (D): Riskplot of patients in the training cohort; (E): Riskplot of patients in the validation cohort; (F,G): Kaplan–Meier survival and ROC curves in the training cohort; (H,I): Kaplan–Meier survival and ROC curves in the validation cohort.
Association of Eight Prognosis-Related CMG-Related lncRNAs With the Clinicopathological Features
Next, we evaluated the correlation between eight prognosis-related CMLs and the clinicopathological features (gender, grade, stage, and the TNM stage). As shown in Figure 4, the percentage of risk scores in grade III patients is higher than that of grade I–II patients. In addition, GC patients with higher risk scores are more inclined to be accompanied by higher M and N stages (p < 0.05). However, the risk score is demonstrated to have no significant differences in gender and T stage (p > 0.05). Further analysis showed that some prognosis-related CMLs were associated with the clinicopathological features. All eight CMLs were associated with tumor grade. AP000695.2 had a higher expression pattern in worse T and M stage patients. HAGLR was associated with patient clinical and N stages.
[image: Figure 4]FIGURE 4 | Clinical correlation of risk score and CMLs. (A): Level of risk score and model CMLs in different gender patients; (B): Level of risk score and model CMLs in different grade patients; (C): Level of risk score and model CMLs in different stage patients; (D): Level of risk score and model CMLs in different T stage patients; (E): Level of risk score and model CMLs in different N stage patients; (F): Level of risk score and model CMLs in different M stage patients.
Construction of Prognostic Nomogram and the Independent Prognostic Analysis
We then performed univariate and multivariate analyses to explore whether the association between risk score and patient prognosis is independent of clinical features. The result showed that the risk score exerts its role independently on other clinical features (Figures 5A,B). Next, a nomogram was constructed based on the clinical features and our model to better predict patient prognoses (Figure 5C). In addition, the calibration plots for the survival rate at 1, 3, and 5 years demonstrate good agreements between the nomogram predictions and actual observations (Figure 5D).
[image: Figure 5]FIGURE 5 | Nomogram and calibration plots. (A,B): Univariate (A) and multivariate (B) analyses were performed to explore whether the association between risk core and patients prognosis is independent of clinical features; (C): Nomogram was constructed based on the risk score and clinical features; (D): calibration plot of 1-, 3-, and 5-year survival of nomogram predicted survival.
Pathway Enrichment Analysis
GSEA was performed to explore the biological functions of prognosis-related CMGs. The results showed that the high-risk group was significantly associated with epithelial–mesenchymal transition (EMT), inflammatory response, KRAS signaling, myogenesis, coagulation, pancreas beta cells, and angiogenesis (Figure 6A). The GO enrichment analysis showed that the biological process (BP) was mostly enriched in extracellular structure, extracellular matrix, ossification, platelet degranulation, and collagen fibril organization (Figure 6B). In cellular component (CC), the most enrichment pathway includes collagen-containing extracellular matrix, endoplasmic reticulum lumen, secretory granule lumen, vesicle lumen, and collagen trimer. The most enriched terms in molecular function (MF) include signaling receptor activator activity, receptor–ligand activity, extracellular matrix structural constituent, and glycosaminoglycan binding. The KEGG enrichment analysis was mainly enriched in neuroactive ligand–receptor interaction, focal adhesion, ECM–receptor interaction, protein digestion, absorption, and complement and coagulation cascades.
[image: Figure 6]FIGURE 6 | Pathway enrichment analysis of risk score. (A): GSEA was performed based on the Hallmark gene set; (B): GO and KEGG analyses were performed to explore the biological difference between high- and low-risk patients.
The Risk Score Affect the Immune Microenvironment As Well As the Sensibility of Immunotherapy and Chemotherapy in Gastric Cancer
Here, the CIBERSORT algorithm was applied to evaluate the composition of 22 immune cell types in the high- and low-risk groups. The correlation analysis of these 22 kinds of immune cells and risk score is shown in Figure 7A. The results revealed that macrophages (M1, M2), dendritic cells, monocytes, Tregs, and T regulatory cells were positively correlated with the risk scores. In contrast, the macrophages (M0), B memory cells, dendritic activated cells, CD4+ T cells, and NK cells were negatively correlated with the risk score (Figure 7B). Immuno score, stromal score, and estimate score were then calculated using the estimate package in R software. The results demonstrated that the stromal scores, immune score, and estimate score were positively correlated with the risk scores (Figures 7C,D). We next explored the underlying difference in the sensibility of immunotherapy and chemotherapy between high and low-risk patients. TIDE analysis was performed to assess the immunotherapy response rate of GC patients, in which the TIDE score < 0 was defined as responders and > 0 was defined as non-responders (Figure 8A). Meanwhile, we found that the GC patients in the low-risk group might have a lower TIDE score and a higher percentage of immunotherapy responders (Figures 8B,C). Moreover, we investigated the sensitivity difference in docetaxel, etoposide, gemcitabine, and lapatinib between high- and low-risk patients. The result showed that high-risk patients might be more sensitive to docetaxel (Figure 8D).
[image: Figure 7]FIGURE 7 | Immune infiltration analysis. (A): CIBERSORT algorithm was used to evaluate the relative proportions of 22 immune infiltrating cells in low- and high-risk groups; (B–D): Correlation between risk score and immune score, stromal score, and estimate score.
[image: Figure 8]FIGURE 8 | Risk score is associated with the sensibility of immunotherapy and chemotherapy. (A): According to the TIDE analysis, the patients with the TIDE score < 0 were defined as responders, with the TIDE score > 0 were defined as nonresponders; (B): Patients in a low-risk group might have a lower TIDE score than those in a high-risk group; (C): Patients in a low-risk group might have a higher percentage of immunotherapy responders than those in a high-risk group; (D): GDSC analysis was performed to evaluate the sensibility differences in docetaxel, etoposide, gemcitabine, and lapatinib.
AP000695.2 was Upregulated in Gastric Cancer and Promotes Cell Proliferation, Invasion, and Migration
Clinical correlation showed that AP000695.2 was associated with patients’ T and M stages, indicating that it could affect the biological function of GC. Therefore, lncRNA AP000695.2 was selected for further experiments. qRT-PCR showed that AP000695.2 was upregulated in GC cells compared with normal gastric mucosal cells (Figure 9A). AGS and HGC-27 were selected for AP000695.2 knockdown for their higher AP000695.2 expression. The result showed that shRNA#2 had the best knockdown efficiency, which was chosen for further experiments (Figures 9B,C). CCK-8 and colony formation assays indicated that the knockdown of AP000695.2 could significantly hamper the proliferation ability of GC cells (Figures 9D,E). Moreover, the transwell assay showed that the inhibition of AP000695.2 remarkably reduces the invasion and migration ability of GC cells (Figure 8F). The underlying biological mechanism of AP000695.2 in GC has also been explored (Supplementary Figure S1). The result showed that the pathway of epithelial–mesenchymal transition (EMT), interferon gamma response, TNF-α signaling via NKFB, inflammatory response, angiogenesis, and IL6/JAK/STAT3 signaling were significantly activated in the high AP000695.2 patients, indicating that AP000695.2 might exert its role through these pathways.
[image: Figure 9]FIGURE 9 | AP000695.2 was selected for further in vitro experiments. (A): AP000695.2 was upregulated in GC cells; (B,C): qRT-PCR result showed an satisfactory knockdown efficiency; (D,E): CCK-8 and colony formation assays showed that the knockdown of AC000695.2 significantly inhibited GC cell proliferation; (F): Transwell assay showed that the knockdown of AC000695.2 significantly inhibited GC cell invasion and migration.
DISCUSSION
GC is the second leading cause of cancer-related deaths and the fourth most common cancer globally, which is of strong proliferation, metastasis, and invasion capabilities (Thrift and El-Serag, 2020). In this study, using the comprehensive bioinformatics analysis, we identified eight prognosis-related CMLs related to the progression and prognosis of OS. Meanwhile, our result showed that AP000695.2 could promote GC cell proliferation, invasion, and migration.
Immune checkpoints can induce long-lasting responses in many types of cancer, which encouraged oncologists to explore the potential treatments for the tumor with strong proliferation, metastasis, and invasion (Ross et al., 2009). However, currently, the significant response to immunotherapy is limited to a small number of patients, which highlights the need for more effective and new methods (Kroczek and Hamelmann, 2005). Many preclinical and clinical studies have been exploring the therapeutic potential of negative and positive costimulatory molecules in recent years. An in-depth understanding of the biological effects and molecular mechanisms on costimulatory molecules will undoubtedly help us understand the mechanism of cancer treatments targeting these molecules (Fu et al., 2020). By exploring CMLs in the TCGA-STAD cohort, we performed the differential expression analysis to obtain differentially expressed CMLs. Furthermore, we performed the LASSO Cox regression analysis, and univariate and multivariate Cox regression analyses to screen the prognostic-related CMLs. Considering the high heterogeneity of predictive prognosis with single genes, we constructed a prognostic prediction model with 8 CMLs, including AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which showed satisfactory predictive performance in the training group Moreover, univariate and multivariate analyses showed that eight CMLs-based risk scores are significantly associated with prognosis, independent with other clinical features. Taken together, these results proved the reliability and usefulness of the eight-CML-based prognostic prediction model. Meanwhile, we also explored the role of AP000695.2 in GC through in vitro experiments, and the result showed that AP000695.2 could promote the proliferation, invasion, and migration ability of GC cells.
Previous studies have identified specific signatures associated with patients’ prognoses in GC. For instance, Jiang et al. (2021) found that the eight ferroptosis-related molecules signature consisting TCFBR1, MYB, NFE2L2, ZFP36, TF, SLC1A5, NF2, and NOX4 could effectively indicate patients’ prognoses. The 1-, 3-, and 5-years AUC values were 0.654, 0.657, and 0.733 and 0.648, 0.623, and 0.629 in training and validation cohorts, respectively. Zhao et al. (2021) established a prognosis model based on 16 necroptosis-related lncRNAs, in which the 1-,2-, and 3-years AUC values were 0.754, 0.824, and 0.819 and 0.709, 0.701, and 0.713 in training and validation cohorts, respectively. In our study, we established a prognosis model consisting of eight prognosis-related CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which showed great prediction ability (the training cohort, 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840; the validation cohort, 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822). Meanwhile, we found that the low-risk patients might be more sensitive to immunotherapy, while high-risk patients might be more sensitive to docetaxel. This indicated that our model has the potential to guide the therapy option for GC patients.
Next, we try to explain the worse prognosis of high-risk patients in the biological mechanism. GSEA showed that EMT, KRAS signaling, and angiogenesis were aberrantly activated in high-risk patients. EMT is a process in which epithelial cells transdifferentiate to motile mesenchymal cells, which is essential for tumor cell movement and metastasis (Galluzzi et al., 2020). Li et al. (2019a) showed that tumor-associated neutrophils could induce EMT by IL-17a to facilitate migration and invasion in gastric cancer cells. Yue et al. (2019) indicated that ZMYM1 could bind to and mediate the repression of E-cadherin promoter by recruiting the CtBP/LSD1/CoREST complex, further promoting the EMT program and gastric metastasis. Moreover, Yang et al. (2013) revealed that the disorder of KRAS signaling and abnormal chromatin remodeling would lead to a poor prognosis and circulating tumor cell resistance to gastric cancer (Chen et al., 2021). Blood vessels in the tumor microenvironment are a key target for cancer therapeutic management (Viallard and Larrivée, 2017). Generally, angiogenesis plays an important role in tumor growth and metastasis. Unterleuthner et al. (2020) indicated that WNT2, derived from cancer-associated fibroblast, could increase tumor angiogenesis of colon cancer by upregulating ANG-2, IL-6, G-CSF, and PGF molecules, further resulting in the increased invasion and metastasis.
We further discovered that M2 macrophages, dendritic cells, monocytes, Tregs, and T regulatory cells were involved in the high-risk group, compared with the low-risk group. M2 macrophages have been reported to facilitate tumor progression in multiple cancers (Mantovani et al., 2002). Cao et al. (2019) showed that lncRNA MM2P could induce M2 macrophage polarization in a STAT6 phosphorylation-depend way, further promoting tumorigenesis, tumor growth, and angiogenesis. In gastric cancer, Li et al. (2019b) revealed that gastric cancer–derived mesenchymal stromal cells trigger M2 macrophage polarization that facilitates metastasis and EMT. Studies have shown that low levels of endogenous IL23 produced by tumor-associated macrophages, dendritic cells, or tumor cells may promote inflammation, which is conducive to the occurrence and progression of early tumors (Neurath, 2019). In addition, our analysis found that high immune scores are associated with low OS, which indicates that favorable factors such as certain cytokines, chemokines, and immune cell subunits play an essential role in tumor immunity.
In summary, this study evaluated the role of CMLs in GC and constructed a CML-based prognostic predictive model, which showed satisfactory prediction efficiency. Univariate and multivariate independent prognostic analyses showed that eight CML-based risk scores are significantly and independently associated with prognosis. Meanwhile, some oncogenic signaling pathways were abnormally activated in high-risk patients, including EMT, KRAS signaling, and angiogenesis. Moreover, we also found a significant difference in the immune microenvironment between high- and low-risk patients. Finally, lncRNA AP000659.2 was selected for further experiments. In vitro results showed that AP000695.2 promotes GC proliferation, invasion, and migration.
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