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Abstract

:

Background: Gastric cancer is a prevalent cause of tumor death. Tumor immunotherapy aims to reshape the specific immunity to tumors in order to kill the tumor. LncRNAs play a pivotal role in regulating the tumor immune microenvironment. Herein, immune-related lncRNAs were used to establish a prognosis risk-assessment model for gastric cancer and provide personalized predictions while providing insights and targets for gastric cancer treatment to enhance patient prognosis. Methods: Gastric adenocarcinoma transcriptome and clinical data were acquired from the The Cancer Genome Atlas (TCGA) database to screen the immune-related lncRNAs. Then, LASSO COX regression was utilized to construct the prognosis risk-assessment model. Afterward, the reliability of the model was evaluated the relationship between immune infiltration, clinical characteristics, and the model was analyzed. Results: We identified 13 lncRNAs and constructed the prognosis assessment model. According to the median risk score of the training set, the patients were assigned to different risk groups. Overall survival time was shorter in the high-risk group. In the high-risk group, higher infiltration of mono-macrophages, dendritic cells, CD4+ T cells, and CD8+ T cells was observed. Moreover, the model was positively related to tumor metastasis. Conclusion: The prognosis risk-assessment model developed in this research can effectively predict the prognosis of gastric cancer patients. This tool is expected to be further applied to clinics in the future, thus providing a novel target for immunotherapy in gastric cancer patients.
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1. Introduction


According to GLOBOCAN 2020, gastric cancer ranked fifth in terms of incidence and fourth in mortality among all cancers worldwide. The incidence of gastric cancer varies significantly by gender and region. The incidence in men is twice that in women. East Asia and East Europe have the highest incidence, especially in Mongolia, Japan, South Korea, and China, with an age-standardized rate (ASR) higher than 20 new cases per 100,000 [1]. Although the incidence and mortality of gastric cancer have considerably declined in the past few decades, its overall survival rate remains low. The 5-year age-standard survival rate of gastric cancer patients in the United States is 42.9% [2], while that of China is merely 27.4% [3]. Surgery is currently the gold standard for gastric cancer treatment, supplemented by neoadjuvant chemoradiotherapy or adjuvant chemoradiotherapy. They have improved the prognosis, but the outcomes are still not satisfactory. With the gradual application of tumor immunotherapy in clinical practice, researchers are actively exploring tumor immunotherapy in gastric cancer, which is anticipated to bring hope to gastric cancer patients. Tumor immunotherapy modifies the body’s specific immunity to tumors to eradicate them. Moreover, earlier studies have reported that immune-checkpoint blockade (ICB) therapy such as PD-1/PD-L1 improves the overall prognosis of gastric cancer patients [4,5].



Long noncoding RNAs (lncRNAs) are a type of RNA with a length of more than 200 nucleotides and do not encode functional proteins. Multiple studies have established that lncRNAs play an instrumental role in tumors. It has been reported that lncRNA is related to the loss of regulation of gastric cancer. Yang et al. corroborated that the lncRNA H19 was significantly upregulated in gastric cancer tissues and could partially inactivate P53 [6]. Sun et al. determined that HOXA11-AS promoted the invasion of gastric cancer cells and reduced the expression of KLF2 and PRSS8 by binding to RNA-binding proteins [7]. Meanwhile, lncRNAs have also been found to play a various of roles in the tumor immune microenvironment and can promote tumor immune escape by enhancing the sensitivity of T cells to activation-induced cell death [8]. They could influence the expression of downstream oncogenes and the recruitment of macrophages to promote tumor metastasis [9]. LncRNA-MM2P regulates tumor M2 macrophage polarization [10]. Owing to their rich biological functions, lncRNAs are considered novel biomarkers for gastric cancer. Moreover, lncRNAs have been used to construct reliable prognostic prediction models of tumor immune infiltration [11,12].



Gastric adenocarcinoma accounts for more than 90% of gastric cancers [13]. In the present study, transcriptome and clinical data of the TCGA project were used to construct a prognosis risk-assessment model for gastric adenocarcinoma based on immune-related lncRNAs, and to assess the novel immune-related lncRNA signature, including its predictive performance and the association with tumor immune infiltration and immune checkpoint genes. We aimed to provide personalized predictions while exploring the immune landscape of the model and providing ideas for gastric cancer treatment.




2. Materials and Methods


2.1. Data Acquisition and Processing


The RNA-sequence (Fragments Per Kilobase per Million mapped reads, FPKM) and the clinical information of gastric cancer patients were collected from the TCGA-STAD project (https://portal.gdc.cancer.gov, accessed on 28 December 2020). In total, 343 gastric adenocarcinoma (GC) and 30 adjacent healthy tissues were included. Following this, the RNA-sequence was annotated with the GTF file acquired from the Ensembl project (http://asia.ensembl.org/index.html, accessed on 3 Febuary 2021) to identify the lncRNAs and mRNAs.




2.2. Immune-Related lncRNA Acquisition


The immune-related mRNAs were identified by combining the immune-related gene lists from ImmPort (https://www.immport.org/home, accessed on 24 January 2021) and our mRNA matrix. Then immune-related lncRNAs were screened by a coexpression strategy, which means a correlation analysis between immune-related mRNAs and all lncRNAs. LncRNAs with an absolute value of correlation coefficients higher than 0.4 and p < 0.001 were considered immune-related lncRNAs. Afterward, the R limma package was used for differential analysis of the immune-related lncRNAs between the GC and healthy group. LncRNAs with |logFC| > 1 and FDR (False Discovery Rate) < 0.05 were identified as differentially expressed immune-related lncRNAs (DEirlncRNAs).




2.3. Prognosis Risk-Assessment Model Construction and Validation


To improve the robustness of the model, the whole samples were randomly divided into a training set and a validation set (7:3). In the training set, univariate analysis was performed with p < 0.05 as the threshold to screen the prognosis immune-related lncRNAs. Secondly, Cox proportional hazard regression analysis following LASSO regression with 10-fold cross-validation was performed to construct the risk-assessment model. The risk score based on the model was calculated by the following formula:   R i s k s o r e =  ∑  C o e f f i c i e n  t i    ∗   E x p r e s s i o  n i   . The area under curve (AUC) of time-dependent receiver operating characteristic curves (ROC) at 1, 3, and 5 years were plotted. The median risk score of the training set was used as the cutoff point to divide the GC patients into high-risk and low-risk groups. Kaplan–Meier analysis was subsequently used to analyze the difference in overall survival (OS) between the two groups, and verified in validation set and overall set using the R packages pheatmap and survivalROC.




2.4. The Associations between the Model and Immunity


The online database TIMER (http://timer.cistrome.org/, accessed on 24 January 2021) contains immune infiltration abundances of all TCGA samples estimated by six immune deconvolution methods, including TIMER [14], CIBERSORT [15], QUANTISEQ [16], XCELL [16], MCPcounter [17], and EPIC [18] algorithms. We extracted immune information of the patients in our study from the database; Spearman correlation analysis was performed to explore the association between the risk score and infiltration, with p < 0.05 considered statistically significant. Meanwhile, the abundance of immune-cell infiltration was compared between the two risk groups using Wilcoxon signed-rank test (p < 0.05). Lastly, the gene expression of immune checkpoints was compared in different risk groups using the R package ggpubr.




2.5. Function-Enrichment Analysis of the Model


Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis with the computational method gene-set-enrichment analysis (GSEA) [19] was conducted in the whole set using the R packages clusterProfiler and enrichplot to compare the difference of pathways in the two risk groups.




2.6. Analysis of the Associations between the Model and Clinical Characteristics


The multiple-factor ROC containing the model and TNM stage, tumor stage, grade, age, and gender was plotted to appraise the performance of the model. The Chi-square test was used to explore the association between the model and clinical characteristics (p < 0.05), and the results were illustrated on a band diagram. Wilcoxon signed-rank test was performed to analyze the difference in risk score in the clinical characteristics subgroups (p < 0.05), and the results were depicted as box drawings. To verify whether the model could be an independent prognostic predictor, both univariate and multivariate Cox regression analyses were performed (p < 0.05). The process was performed using R package ggplot2, pheatmap, and survivalROC.



The analytical procedure is shown in Figure 1.





3. Results


3.1. Screening Differentially Expressed Immune-Related lncRNAs


1082 immune-related lncRNAs were out screened by the coexpression strategy. And 414 differentially expressed immune-related lncRNAs were screened using differential analysis.




3.2. Construct and Validation the Prognostic Risk-Assessment Model


Patients lacking survival time were excluded, and clinical information of 318 patients was retained. The enrolled patients were randomly divided into a training set (n = 223) and a validation set (n = 95).



Univariate analysis was performed for all DEirlncrnas in the training set and 22 prognostic lncRNAs were screened: TNFRSF10A-AS1, TMEM132D-AS1, MIR3142HG, LINC01980, LINC01234, LIMS1-AS1, CD44-AS1, AP000695.2, AP000695.1, AL355574.1, AL023803.1, AC124319.1, AC124067.2, AC113139.1, AC093732.1, AC092338.1, AC090204.1, AC090192.2, AC026369.2, AC026368.1, AC022762.2, and AC009283.1. Among them, 18 lncRNAs with a hazard ratio > 1 were risk factors promoting gastric cancer death. The remaining ones with a hazard ratio < 1, namely TNFRSF10A-AS1, MIR3142HG, AL355574.1 and AC124319.1, were considered protective factors for the prognosis of gastric cancer patients Figure 2E.



Based on these 22 lncRNAs, LASSO COX regression analysis was performed, and 13 lncRNAs were further identified: TNFRSF10A-AS1, TMEM132D-AS1, MIR3142HG, LINC01980, LIMS1-AS1, CD44-AS1, AP000695.2, AL355574.1, AC124319.1, AC090204.1, AC026369.2, AC026368.1, and AC022762.2, and the prognostic risk-assessment model was then constructed for gastric cancer Figure 2F. The lncRNAs used to construct the model are presented in Table 1.



The risk score was calculated as follows:


  R i s k s o r e =  ∑  C o e f f i c i e n  t i    ∗   E x p r e s s i o  n i   











The 1-, 3-, and 5-year ROC of the training set, validation set, and whole set were then plotted. The AUC values were all over 0.7, indicating a moderate potential for predicting prognosis (Figure 3A–C). In all three sets, the AUC at 5 years was the highest, indicating that the predictive performance at 5 years was superior to that at 1 year and 3 years.



We divided the GC patients into high-risk and low-risk groups based on the median risk score of the training set and performed Kaplan–Meier analysis to analyze the differences between the two groups. The results indicated that patients in the high-risk group had a worse prognosis than those in the low-risk group. The results were subsequently verified in the validation set and whole set (Figure 3D–F).




3.3. The Correlation between Risk Score and Immune-Cell Infiltration


Spearman correlation analysis was performed between the risk score of the whole set and the abundance of immune-cell infiltration. As displayed in Figure 4A and Table S1, the results suggested that the risk score was positively correlated with a variety of immune-infiltrating cells (p < 0.05), among which the mono-macrophages were the most significant. At the same time, the abundance of various types of immune-cell infiltration was compared between the risk groups (Table S2), again validating that mono-macrophages exhibited higher abundance in the high-risk group, followed by dendritic cells, CD4+ T cells, and CD8+ T cells. The results of comparison with p < 0.05 are illustrated in Figure S1; p values are shown on the line between the two groups. To further demonstrate the distribution of M2 macrophage phenotype, the gene-expression level of the M2-specific biomarker CD163 and pan-macrophage marker CD68 were compared between the two risk groups, and the result revealed that the M2 phenotype had a higher abundance in the high-risk group (Figure 4B).



The immune checkpoint is the core of immune therapy for malignant tumors. On one hand, our model was positively related to PD-L2, CD276, TNFSF18, TNFSF4, and NRP1. On the other hand, there was no correlation between our model and the common checkpoint biomarkers PD-1, PD-L1, and CTLA-4 (Figure 4C).



The result of GSEA for KEGG was shown in Figure 4D.




3.4. The Associations between Risk Score and Clinical Characteristics


The Chi-square test was performed on clinical data and risk groups (Table S3), and their relationship was analyzed and presented in the form of a band diagram (Figure 5A). The risk was related to the M stage and tumor stage. Thereafter, Wilcoxon signed-rank test results demonstrated that the M1 group had a higher risk score than the M0 group. The risk score of stage IV gastric cancer was also higher than that of other stages, and there was no statistical difference in pairwise comparison of STAGE I, II, and III, implying that the model may be more closely related to the metastasis of advanced tumors, as outlined in Figure 5C,D.



In the above studies, the AUC of our model at 5 years was highest, which was 0.798 for the whole set. The 5-year ROC of the whole set showed favorable prognostic prediction performance among the TNM stage, tumor stage, pathological grade, age, and gender (Figure 5B).



In order to identify whether the model was an independent prognostic indicator, univariate and multivariate COX analyses were performed. Due to the correlation between the TNM and tumor stage, only the latter was included in the analyses. Both univariate and multivariate analyses authenticated that this model could be used as an independent prediction indicator (Figure 5E,F).





4. Discussion


In recent years, the incidence of gastric cancer has significantly declined globally, which can be attributed to examination methods, prompt treatment, and early intervention of precancerous lesions. However, due to its insidious onset, most patients are diagnosed with moderate advanced gastric cancer, which has a poor prognosis. Therefore, there is an urgent need to identify a more personalized predictive signature.



In this study, immune-related lncRNAs were identified through correlation analysis from the TCGA-STAD database. To reduce the variability of single indicator, constructing a signature with appropriate indicators would be more reliable [20]. LASSO Cox regression analysis was conducted to construct a multifactor model with a reduced set of variables. Various methods were applied to evaluate the model, including ROC and K-M survival analysis, which determined that the model displayed satisfactory performance in distinguishing between different risk groups of patients to effectively predict the prognosis of gastric cancer patients. Indeed, our model could more accurately predict the outcome compared to other prevalent clinicopathological markers. Univariate and multivariate Cox analysis support the model as an independent signature for prognosis prediction. The above-mentioned tests reveal that our model we constructed is reliable and accurate.



The appraisal of associations between the risk score and immune infiltration suggested that the mono-macrophages, dendritic cells, CD4+ T cells, and CD8+ T cells had a higher abundance of infiltrations in the high-risk group, especially mono-macrophages.



The mono-macrophage infiltration significantly increased as the risk score increased. Macrophages have a tremendous influence on tumor growth [21]. Studies have revealed that macrophages exhibit an M1 phenotype in the early stage of tumor development, releasing inflammatory mediators and acting as antitumor agents [22,23]. As the tumor progresses, under hypoxic conditions in the tumor microenvironment, macrophages gradually shift to an M2 phenotype, exerting anti-inflammatory effects and promoting T-cell apoptosis [24,25]. Most of the algorithms we used in our studies seldom analyzed the phenotype of cells. We postulated the higher infiltration of M2 macrophages in the high-risk group, which plays a role in promoting tumor growth. Furthermore, the higher gene expression of the M2-specific biomarker CD163 in the high-risk group confirmed our assumption.



Contrary to the studies that high infiltration of CD8+ T cells brought a better tumor outcome [26], previous studies have reported that high infiltration of CD8+ T cells leads to a poor prognosis in GC patients [27], which is consistent with our study. The prognosis value of CD8+ T cells is worth further studies.



There were no significant differences in the expression of common checkpoint genes such as PD-1, PD-L1, and CTLA-4 between the two risk groups, which signified that our model could not predict the therapeutic effect of existing PD-1/PD-L1 or even CTLA-4 immune therapy. Actually, only about 15% PD-L1 positive patients responded to the PD-1/PD-L1 therapy [28], which limited the appliance of the therapy. However, the expressions of PD-L2 and some novel checkpoint genes were upregulated in the high-risk group, and studies have uncovered that PD-L2 leads to immune suppression and a poor prognosis in gastric cancer patients [29,30,31]; this may be the underlying immunotherapeutic target of our model.



According to the GSEA results, these pathways were upregulated in the high-risk group: olfactory transduction, RIG-I-like receptor signaling pathway, autoimmune thyroid disease, complement and coagulation cascades, cytosolic DNA-sensing pathway, JAK-STAT signaling pathway, neuroactive ligand–receptor interaction, and cytokine–cytokine receptor interaction. Complement and coagulation cascades and cytosolic DNA-sensing pathways participated in the mediation of the innate immune system [32,33]. We speculate our model is related to immune injury. The cytosolic DNA-sensing pathway can induce apoptosis through cGAMP binding to STING, commonly considered important to immune surveillance [34]. However, the cytosolic DNA-sensing pathway is also a double-edged sword and controversial. On one hand, the majority of researchers consider that tumor DNA activates the pathway to induce tumor-antigen presentation and activate the antitumor effector [35,36,37]; on the other hand, it releases vast inflammatory mediators to recruit M2 macrophage polarization, which we assume is what happened in our study [34,38].



Some lncRNAs in the signature are implicated in tumor development. It was previously reported that LINC01980 is overexpressed in esophageal squamous-cell carcinoma and acts as an endogenous competing RNA to regulate the downstream pathway and promote the development of esophageal cancer [39,40]. Chateauvieux et al. found that overexpression of MIR3142HG in myeloid leukemia prolongates patient survival, possibly by interrupting NF-κB signaling [41]. In our model, MIR3142HG was also found to be a prognostic protective factor for gastric cancer patients. WEI et al. identified TNFRSF10A-AS1 as a prognostic protective factor of colorectal cancer [42]. Studies on the majority of lncRNAs in our model are limited, and their role in gastric cancer warrants further investigations.



A major limitation of our study is that it was a single-center retrospective study, and external data were not validated; prospective studies are necessary to obtain a higher level of evidence. Another shortcoming of this study is the lack of in vivo and in vitro experiments to verify the robustness of the model. Therefore, clinical samples should be collected for further experimental studies in the future.




5. Conclusions


The immune-related lncRNA prognostic risk-assessment model for gastric cancer can effectively predict the prognosis of gastric adenocarcinoma patients. This model is expected to be applied in clinical practice to improve patients’ outcomes.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/curroncol29070391/s1, Table S1. Correlation between risk score and abundance of immune cells. Table S2. P value of comparison of immune cells in the two risk groups. Table S3. Relationship between the risk groups and clinical characteristics. Figure S1. The result of the comparison of immune-infiltrating cells in the two risk group.





Author Contributions


Conceptualization, S.Z. (Shilin Zhi) and B.Y.; methodology, S.Z. (Shengning Zhou); software, S.Z. (Shilin Zhi); visualization, G.Z.; writing—original draft preparation, S.Z. (Shilin Zhi); writing—review and editing, J.T.; supervision, F.H.; project administration, F.H. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Natural Science Foundation of Guangdong Province, China, grant number 2021A1515012029.




Institutional Review Board Statement


Ethical review and approval were waived for this study, due to TCGA belonging to public databases. The patients involved in the database obtained ethical approval.




Informed Consent Statement


Patient consent was waived due to all TCGA data we used meeting the ethic policy of Human Subjects Protection and Data Access Policies adopted by the National Cancer Institute and the National Human Genome Research Institute and public TCGA database are available without restrictions.




Data Availability Statement


The data presented in this study can be found in the TCGA database (https://portal.gdc.cancer.gov). The GTF file can be acquired from the Ensembl project (http://asia.ensembl.org/index.html). The immune-related gene lists can be found in ImmPort (https://www.immport.org/home). And the immune infiltration information can be found in TIMER (http://timer.cistrome.org).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Sung, H.; Ferlay, J.; Siegel, R.L.; Laversanne, M.; Soerjomataram, I.; Jemal, A.; Bray, F. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 2021, 71, 209–249. [Google Scholar] [CrossRef] [PubMed]

	



Li, Y.; Feng, A.; Zheng, S.; Chen, C.; Lyu, J. Recent estimates and predictions of 5-year survival in patients with gastric cancer: A model-based period analysis. Cancer Control 2022, 29, 10732748221099227. [Google Scholar] [CrossRef] [PubMed]

	



Chen, W.; Zheng, R.; Baade, P.D.; Zhang, S.; Zeng, H.; Bray, F.; Jemal, A.; Yu, X.Q.; He, J. Cancer statistics in China, 2015. CA Cancer J. Clin. 2016, 66, 115–132. [Google Scholar] [CrossRef] [PubMed]

	



Schachter, J.; Ribas, A.; Long, G.V.; Arance, A.; Grob, J.J.; Mortier, L.; Daud, A.; Carlino, M.S.; McNeil, C.; Lotem, M.; et al. Pembrolizumab versus ipilimumab for advanced melanoma: Final overall survival results of a multicentre, randomised, open-label phase 3 study (KEYNOTE-006). Lancet 2017, 390, 1853–1862. [Google Scholar] [CrossRef]

	



Gandhi, L.; Rodríguez-Abreu, D.; Gadgeel, S.; Esteban, E.; Felip, E.; De Angelis, F.; Domine, M.; Clingan, P.; Hochmair, M.J.; Powell, S.F.; et al. Pembrolizumab plus chemotherapy in metastatic non-small-cell lung cancer. N. Engl. J. Med. 2018, 378, 2078–2092. [Google Scholar] [CrossRef]

	



Yang, F.; Bi, J.; Xue, X.; Zheng, L.; Zhi, K.; Hua, J.; Fang, G. Up-regulated long non-coding RNA H19 contributes to proliferation of gastric cancer cells. FEBS J. 2012, 279, 3159–3165. [Google Scholar] [CrossRef]

	



Sun, M.; Nie, F.; Wang, Y.; Zhang, Z.; Hou, J.; He, D.; Xie, M.; Xu, L.; De, W.; Wang, Z.; et al. LncRNA HOXA11-AS promotes proliferation and invasion of gastric cancer by scaffolding the chromatin modification factors PRC2, LSD1, and DNMT1. Cancer Res. 2016, 76, 6299–6310. [Google Scholar] [CrossRef]

	



Huang, D.; Chen, J.; Yang, L.; Ouyang, Q.; Li, J.; Lao, L.; Zhao, J.; Liu, J.; Lu, Y.; Xing, Y.; et al. NKILA lncRNA promotes tumor immune evasion by sensitizing T cells to activation-induced cell death. Nat. Immunol. 2018, 19, 1112–1125. [Google Scholar] [CrossRef]

	



Wang, S.; Liang, K.; Hu, Q.; Li, P.; Song, J.; Yang, Y.; Yao, J.; Mangala, L.S.; Li, C.; Yang, W.; et al. JAK2-binding long noncoding RNA promotes breast cancer brain metastasis. J. Clin. Investig. 2017, 127, 4498–4515. [Google Scholar] [CrossRef]

	



Cao, J.; Dong, R.; Jiang, L.; Gong, Y.; Yuan, M.; You, J.; Meng, W.; Chen, Z.; Zhang, N.; Weng, Q. LncRNA-MM2P identified as a modulator of macrophage M2 PolarizationlncRNA-MM2P regulates M2 macrophage polarization. Cancer Immunol. Res. 2019, 7, 292–305. [Google Scholar] [CrossRef]

	



Wei, C.; Liang, Q.; Li, X.; Li, H.; Liu, Y.; Huang, X.; Chen, X.; Guo, Y.; Li, J. Bioinformatics profiling utilized a nine immune-related long noncoding RNA signature as a prognostic target for pancreatic cancer. J. Cell. Biochem. 2019, 120, 14916–14927. [Google Scholar] [CrossRef] [PubMed]

	



Peng, D.; Wang, L.; Li, H.; Cai, C.; Tan, Y.; Xu, B.; Le, H. An immune infiltration signature to predict the overall survival of patients with colon cancer. IUBMB Life 2019, 71, 1760–1770. [Google Scholar] [CrossRef] [PubMed]

	



Dicken, B.J.; Bigam, D.L.; Cass, C.; Mackey, J.R.; Joy, A.A.; Hamilton, S.M. Gastric adenocarcinoma: Review and considerations for future directions. Ann. Surg. 2005, 241, 27. [Google Scholar] [CrossRef]

	



Sturm, G.; Finotello, F.; Petitprez, F.; Zhang, J.D.; Baumbach, J.; Fridman, W.H.; List, M.; Aneichyk, T. Comprehensive evaluation of transcriptome-based cell-type quantification methods for immuno-oncology. Bioinformatics 2019, 35, i436–i445. [Google Scholar] [CrossRef]

	



Newman, A.M.; Liu, C.L.; Green, M.R.; Gentles, A.J.; Feng, W.; Xu, Y.; Hoang, C.D.; Diehn, M.; Alizadeh, A.A. Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 2015, 12, 453–457. [Google Scholar] [CrossRef]

	



Finotello, F.; Mayer, C.; Plattner, C.; Laschober, G.; Rieder, D.; Hackl, H.; Krogsdam, A.; Loncova, Z.; Posch, W.; Wilflingseder, D.; et al. Molecular and pharmacological modulators of the tumor immune contexture revealed by deconvolution of RNA-seq data. Genome. Med. 2019, 11, 34. [Google Scholar] [CrossRef]

	



Becht, E.; Giraldo, N.A.; Lacroix, L.; Buttard, B.; Elarouci, N.; Petitprez, F.; Selves, J.; Laurent-Puig, P.; Sautès-Fridman, C.; Fridman, W.H.; et al. Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome. Biol. 2016, 17, 218. [Google Scholar] [CrossRef] [PubMed]

	



Racle, J.; de Jonge, K.; Baumgaertner, P.; Speiser, D.E.; Gfeller, D. Simultaneous enumeration of cancer and immune cell types from bulk tumor gene expression data. eLife 2017, 6, e26476. [Google Scholar] [CrossRef]

	



Subramaniana, A.; Tamayoa, P.; Moothaa, V.K.; Mukherjeed, S.; Eberta, B.L.; Gillettea, M.A.; Paulovichg, A.; Pomeroyh, S.L.; Goluba, T.R.; Landera, E.S.J.P. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA 2005, 102, 15545–15550. [Google Scholar] [CrossRef]

	



Pepe, M.S.; Janes, H.; Longton, G.; Leisenring, W.; Newcomb, P. Limitations of the odds ratio in gauging the performance of a diagnostic, prognostic, or screening marker. Am. J. Epidemiol. 2004, 159, 882–890. [Google Scholar] [CrossRef]

	



Chew, V.; Toh, H.C.; Abastado, J.-P. Immune microenvironment in tumor progression: Characteristics and challenges for therapy. J. Oncol. 2012, 2012, 608406. [Google Scholar] [CrossRef]

	



Pan, Y.; Yu, Y.; Wang, X.; Zhang, T. Tumor-associated macrophages in tumor immunity. Front. Immunol. 2020, 11, 583084. [Google Scholar] [CrossRef] [PubMed]

	



DeNardo, D.G.; Ruffell, B. Macrophages as regulators of tumour immunity and immunotherapy. Nat. Rev. Immunol. 2019, 19, 369–382. [Google Scholar] [CrossRef] [PubMed]

	



Liu, J.; Geng, X.; Hou, J.; Wu, G. New insights into M1/M2 macrophages: Key modulators in cancer progression. Cancer Cell Int. 2021, 21, 1–7. [Google Scholar] [CrossRef] [PubMed]

	



Murray, P.J.; Wynn, T.A. Protective and pathogenic functions of macrophage subsets. Nat. Rev. Immunol. 2011, 11, 723–737. [Google Scholar] [CrossRef]

	



Lee, J.S.; Won, H.S.; Hong, J.H.; Ko, Y.H. Prognostic role of tumor-infiltrating lymphocytes in gastric cancer: A systematic review and meta-analysis. Medicine 2018, 97, e11769. [Google Scholar] [CrossRef]

	



Thompson, E.D.; Zahurak, M.; Murphy, A.; Cornish, T.; Cuka, N.; Abdelfatah, E.; Yang, S.; Duncan, M.; Ahuja, N.; Taube, J.M.; et al. Patterns of PD-L1 expression and CD8 T cell infiltration in gastric adenocarcinomas and associated immune stroma. Gut 2017, 66, 794–801. [Google Scholar] [CrossRef]

	



Fuchs, C.S.; Doi, T.; Jang, R.W.; Muro, K.; Satoh, T.; Machado, M.; Sun, W.; Jalal, S.I.; Shah, M.A.; Metges, J.-P.; et al. Safety and efficacy of pembrolizumab monotherapy in patients with previously treated advanced gastric and gastroesophageal junction cancer: Phase 2 clinical KEYNOTE-059 trial. JAMA Oncol. 2018, 4, e180013. [Google Scholar] [CrossRef]

	



Nakayama, Y.; Mimura, K.; Kua, L.-F.; Okayama, H.; Min, A.K.T.; Saito, K.; Hanayama, H.; Watanabe, Y.; Saito, M.; Momma, T.; et al. Immune suppression caused by PD-L2 expression on tumor cells in gastric cancer. Gastric Cancer 2020, 23, 961–973. [Google Scholar] [CrossRef]

	



Liu, J.; Li, H.; Sun, L.; Yuan, Y.; Xing, C. Profiles of PD-1, PD-L1, PD-L2 in gastric cancer and their relation with mutation, immune infiltration, and survival. BioMed Res. Int. 2020, 2020, 2496582. [Google Scholar] [CrossRef]

	



Shan, Z.G.; Zhao, Y.L.; Zhang, J.Y.; Yan, Z.B.; Wang, T.T.; Mao, F.Y.; Teng, Y.S.; Peng, L.S.; Chen, W.Y.; Wang, P.; et al. FasL+ PD-L2+ identifies a novel immunosuppressive neutrophil population in human gastric cancer that promotes disease progression. Adv. Sci. 2022, 9, 2103543. [Google Scholar] [CrossRef] [PubMed]

	



Oikonomopoulou, K.; Ricklin, D.; Ward, P.A.; Lambris, J.D. Interactions between coagulation and complement—Their role in inflammation. In Seminars in Immunopathology; Springer: Berlin/Heidelberg, Germany, 2012; pp. 151–165. [Google Scholar]

	



Chen, Q.; Sun, L.; Chen, Z.J. Regulation and function of the cGAS–STING pathway of cytosolic DNA sensing. Nat. Immunol. 2016, 17, 1142–1149. [Google Scholar] [CrossRef] [PubMed]

	



Kwon, J.; Bakhoum, S.F. The cytosolic DNA-sensing cGAS–STING pathway in cancer. Cancer Discov. 2020, 10, 26–39. [Google Scholar] [CrossRef] [PubMed]

	



Woo, S.-R.; Fuertes, M.B.; Corrales, L.; Spranger, S.; Furdyna, M.J.; Leung, M.Y.; Duggan, R.; Wang, Y.; Barber, G.N.; Fitzgerald, K.A.; et al. STING-dependent cytosolic DNA sensing mediates innate immune recognition of immunogenic tumors. Immunity 2014, 41, 830–842. [Google Scholar] [CrossRef]

	



Ou, L.; Zhang, A.; Cheng, Y.; Chen, Y. The cGAS-STING pathway: A promising immunotherapy target. Front. Immunol. 2021, 12, 795048. [Google Scholar] [CrossRef]

	



Jiang, M.; Chen, P.; Wang, L.; Li, W.; Chen, B.; Liu, Y.; Wang, H.; Zhao, S.; Ye, L.; He, Y.; et al. cGAS-STING, an important pathway in cancer immunotherapy. J. Hematol. Oncol. 2020, 13, 81. [Google Scholar] [CrossRef]

	



Pu, F.; Chen, F.; Liu, J.; Zhang, Z.; Shao, Z. Immune regulation of the cGAS-STING signaling pathway in the tumor microenvironment and its clinical application. OncoTargets Ther. 2021, 14, 1501. [Google Scholar] [CrossRef]

	



Zhang, S.; Liang, Y.; Wu, Y.; Chen, X.; Wang, K.; Li, J.; Guan, X.; Xiong, G.; Yang, K.; Bai, Y. Upregulation of a novel lncRNA LINC01980 promotes tumor growth of esophageal squamous cell carcinoma. Biochem. Biophys. Res. Commun. 2019, 513, 73–80. [Google Scholar] [CrossRef]

	



Liang, X.; Wu, Z.; Shen, S.; Niu, Y.; Guo, Y.; Liang, J.; Guo, W. LINC01980 facilitates esophageal squamous cell carcinoma progression via regulation of miR-190a-5p/MYO5A pathway. Arch. Biochem. Biophys. 2020, 686, 108371. [Google Scholar] [CrossRef]

	



Chateauvieux, S.; Gaigneaux, A.; Gérard, D.; Orsini, M.; Morceau, F.; Orlikova-Boyer, B.; Farge, T.; Récher, C.; Sarry, J.-E.; Dicato, M.; et al. Inflammation regulates long non-coding RNA-PTTG1-1:1 in myeloid leukemia. Haematologica 2020, 105, e280–e284. [Google Scholar] [CrossRef]

	



Wei, J.; Ge, X.; Tang, Y.; Qian, Y.; Lu, W.; Jiang, K.; Fang, Y.; Hwang, M.; Fu, D.; Xiao, Q.; et al. An autophagy-related long noncoding RNA signature contributes to poor prognosis in colorectal cancer. J. Oncol. 2020, 2020, 4728947. [Google Scholar] [CrossRef] [PubMed]








[image: Curroncol 29 00391 g001 550] 





Figure 1. Flow diagram of the study. 
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Figure 2. (A) DEirlncRNA heatmap. (B) DEirlncRNA volcano map. A total of 414 DEirlncRNAs were identified, including 375 upregulated and 39 downregulated ones. (C) Coefficients of the LASSO regression. (D) Partial-likelihood deviances of the LASSO model. (E) Prognostic DEirlncRNA forest map. (F) Forest map of lncRNAs included in the model. 
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Figure 3. ROC (A–C), survival curve (D–F), risk score (G–I), and survival outcome (J–L) of the training set, validation set, and whole set. 
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Figure 4. (A) Correlation coefficient dot plot of immune-cell infiltration abundance between the model and algorithms. Mono-macrophage system was positively correlated with the risk score in various algorithms. (B) Gene-expression levels of macrophages’ markers. Label: p < 0.01 = **, ns = not significant. (C) Gene-expression levels of immune check points. Label: p < 0.001 = ***, p < 0.01 = **, ns = not significant. (D) GSEA of the whole set. 
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Figure 5. (A) Band diagram outlining the distribution of clinicopathological characteristics in the whole sample sorted by a risk score ranging from low to high. Label: p < 0.05 = *. (B) 5-year ROC comparing the performance of different signatures. Our model outperformed the others. (C,D) M stage and tumor stage were positively related to the risk score. Univariate (E) and multivariate (F) analyses confirmed that the model could be used to independently predict indicator. 
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Table 1. LncRNAs of the model.






Table 1. LncRNAs of the model.





	lncRNA
	Coefficient
	HR
	95% CI
	p Value





	TNFRSF10A-AS1
	−0.085
	0.918
	0.822–1.027
	0.134



	TMEM132D-AS1
	0.048
	1.049
	1.018–1.081
	0.002



	MIR3142HG
	−0.298
	0.743
	0.597–0.924
	0.008



	LINC01980
	0.143
	1.154
	1.046–1.273
	0.004



	LIMS1-AS1
	0.884
	2.421
	1.459–4.018
	0.001



	CD44-AS1
	0.046
	1.047
	1.004–1.092
	0.033



	AP000695.2
	0.256
	1.292
	1.023–1.631
	0.032



	AL355574.1
	−0.506
	0.603
	0.469–0.774
	<0.001



	AC124319.1
	−0.401
	0.670
	0.504–0.889
	0.006



	AC090204.1
	0.062
	1.064
	1.013–1.118
	0.014



	AC026369.2
	0.419
	1.520
	1.053–2.194
	0.025



	AC026368.1
	0.054
	1.056
	1.019–1.095
	0.003



	AC022762.2
	0.370
	1.447
	1.098–1.909
	0.009
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