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Background: Esophageal adenocarcinoma (EAC) remains a leading cause of cancer-related deaths worldwide and demonstrates a predominant rising incidence in Western countries. Recently, immunotherapy has dramatically changed the landscape of treatment for many advanced cancers, with the benefit in EAC thus far been limited to a small fraction of patients.


Methods: Using somatic mutation data of The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium, we delineated the somatic mutation landscape of EAC patients from US and England. Based on the expression data of TCGA cohort, multiple bioinformatics algorithms were utilized to perform function annotation, immune cell infiltration analysis, and immunotherapy response assessment.


Results: We found that RYR2 was a common frequently mutated gene in both cohorts, and patients with RYR2 mutation suggested higher tumor mutation burden (TMB), better prognosis, and superior expression of immune checkpoints. Moreover, RYR2 mutation upregulated the signaling pathways implicated in immune response and enhanced antitumor immunity in EAC. Multiple bioinformatics algorithms for assessing immunotherapy response demonstrated that patients with RYR2 mutation might benefit more from immunotherapy. In order to provide additional reference for antitumor therapy of different RYR2 status, we identified nine latent antitumor drugs associated with RYR2 status in EAC.


Conclusion: This study reveals a novel gene whose mutation could be served as a potential biomarker for prognosis, TMB, and immunotherapy of EAC patients.
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INTRODUCTION

Esophageal cancer is the eighth most prevalent malignancy and the sixth leading cause of cancer-related mortality worldwide. The predominant subtype in Western countries is esophageal adenocarcinoma (EAC), which demonstrated a predominant rising incidence in the last 40 years (Rustgi and El-Serag, 2014; Siegel et al., 2019). Gastroesophageal reflux disease is a strong risk factor for EAC, wherein the normal lower esophageal squamous epithelium is replaced with an intestinal-type columnar mucosa (Barrett’s esophagus), which can give rise to EAC (Rustgi and El-Serag, 2014). Despite advances in multi-modality treatment including endoscopic treatment, surgery, chemotherapy, and radiotherapy, the overall survival (OS) of EAC patients remains unsatisfactory (Messager et al., 2016). Thus, novel therapeutic strategies are urgently needed, especially for patients’ refractory to conventional therapies.

In recent years, immunotherapy has made tremendous progress and provided encouraging evidence (Ganesh et al., 2019). As a typical representative of immunotherapy, immune checkpoint inhibitors (ICIs) aim to help the immune system recognize and attack cancer cells by acting on the primary targets including programmed death-ligand 1 (PD-L1), programmed death 1 (PD-1), and cytotoxic T-lymphocyte-associated protein 4 (CTLA-4; Mahoney et al., 2015). Response to ICIs has been shown to be more effective in cancers with a high tumor mutation burden (TMB), and EAC is one example of a cancer type with a high TMB. Recent clinical trials including NCT01928394, NCT01943461, and NCT01772004 demonstrated that PD-L1 expression in EAC is predictive of immunotherapy response (Humphries et al., 2020). Nevertheless, accumulating evidence showed that PD-L1 alone might not be sufficient to predict the immunotherapy response due to the fact that only a minority of patients benefit. Consequently, considering the expensive cost and adverse reaction of immunotherapy, it is essential to explore novel biomarkers for effective immunotherapy management in patients with EAC.

Somatic mutations are also predictors of immunotherapy (IJsselsteijn et al., 2019). For instance, POLE mutation in colorectal cancer tended to respond favorably to immunotherapy (IJsselsteijn et al., 2019), mutations in SERPINB3 and SERPINB4 were associated with immunotherapy response in two independent cohorts of patients with melanoma (Riaz et al., 2016), and TMB had also been considered as a predictive biomarker of multiple solid tumors (Goodman et al., 2017). The genetic landscape of EAC has been well described. The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium (ICGC) have provided large-scale comprehensive genomic characterization of EAC. Numerous efforts have been made to identify tumor drivers such as TP53, SMAD4, ARID1A, SMARCA4, and PIK3CA, which play essential roles in the development, progression, drug sensitivity and resistance as well as prognosis of EAC (Dulak et al., 2013; Frankell et al., 2019). We hypothesize that there are some potential frequently mutated genes (FMGs) that also could identify patients who responded to immunotherapy. Unlike traditional immunotherapeutic biomarkers such as PD-1/PD-L1, CTLA-4, and TMB, binary gene mutation data do not require a cutoff value to stratify patients, which conveniently promotes clinical translation.

In the present study, we delineated somatic mutations in EAC patients from US and England using TCGA and ICGC datasets. Then, the common FMGs of two cohorts were identified, and we further explored the relationship of these FMGs with TMB and OS. Ultimately, RYR2 mutation was found to be significantly associated with TMB and OS and indicated an “immune-hot” phenotype and better immunotherapy response. The finding that will emerge from this study might identify a novel biomarker for prognosis, TMB, and immunotherapy of EAC patients.



MATERIALS AND METHODS


Data Acquisition

Somatic gene mutation data for American EAC patients (n = 87) and British EAC patients (n = 409) were, respectively, derived from TCGA1 and ICGC.2 “Level 3” transcriptome profile [RNA-Seq fragments per kilobase per million reads (FPKM) value] and clinical information were also retrieved. The FPKM value was converted to transcripts per kilobase million value. Since RNA-seq data are often heavily right-skewed in the linear scale, a further log-2 transformation was performed. Patients were excluded if they (1) lacked somatic mutation data, (2) did not have prognostic information, and (3) received neo-adjuvant therapy.



Delineate the Mutation Landscape

Mutation MAF files encompassing somatic alterations for American EAC patients were processed via VarScan pipeline. TSV files, including somatic alterations for British EAC patients, were processed with R software. The maftool package was further utilized to visualize the mutation waterfall plots. In each independent cohort, the genes with the top 30 mutation frequency were defined as frequently mutated genes (FMGs).



Calculate the Tumor Mutation Burden for Each Patient

TMB was defined as the number of somatic, coding, indels mutations, and base substitutions per megabase of genome examined. All base substitutions and indels in the coding region of the targeted genes were counted. Silent mutations failing to contribute to an amino acid change were not counted. The tmb() function of “maftools” R package was applied to calculate the TMB of each sample (Mayakonda et al., 2018).



Functional Enrichment and Immune Infiltration Analysis

To explore the potential molecular mechanisms significantly associated with RYR2 mutation, gene set enrichment analysis (GSEA) algorithm was performed to identify dramatically enriched terms related to the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway and the biological process of gene ontology (GO). Permutations were set to 1,000 to obtain a normalized enrichment score (NES). Gene sets with false discovery rate (FDR) <0.01 were considered to be significantly enriched.

Single sample gene set enrichment analysis (ssGSEA) was applied to quantify the relative abundance of 28 immune cells in the tumor microenvironment of EAC. The gene set for marking each cell was obtained from the research of Charoentong et al. (2017), which stored various human immune cell subtypes including activated CD8+ T cell, activated dendritic cell, natural killer T cell, macrophage, etc. Besides this, in order to ensure the rationality and robustness of the ssGSEA results, we applied two other different algorithms to further validate. The first one was CIBERSORT, a deconvolution algorithm that took a set of reference gene expression values as a minimum representation of each cell type and, based on these values, used support vector regression to estimate the proportion of 22 immune cell types (Newman et al., 2015). The other was ESTIMATE algorithm, inferring the fraction of stromal and immune cells in EAC samples and generating two scores, including the immune and stromal scores (Yoshihara et al., 2013).



Immunotherapy Assessments

T cell-inflamed gene expression profile (GEP) as proposed by Ayers et al. (2017) was used to predict the clinical response to PD-1 blockade. The GEP was composed of 18 inflammatory genes associated with antigen presentation, chemokine expression, cytotoxic activity, and adaptive immune resistance. The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was employed to predict the immunotherapy response of each patient (Jiang et al., 2018). The TIDE algorithm was a computational method to model two primary mechanisms of tumor immune evasion: the induction of T cell dysfunction in tumors with high infiltration of cytotoxic T lymphocytes (CTL) and the prevention of T cell infiltration in tumors with low CTL level. Next, Subclass Mapping (SubMap) method was utilized to evaluate the expression similarity between the two RYR2 phenotypes and the patients with a different immunotherapy response (Hoshida et al., 2007). SubMap employs GSEA algorithm to deduce the extent of commonality of the two groups. An adjusted value of p < 0.05 suggests the significant similarity between two groups.



Estimation of Clinical Chemotherapeutic Response

To evaluate the drug response, we retrieved the imputed response to 138 anticancer drugs in EAC patients from a previous study (Geeleher et al., 2017). Drug sensitivity was quantified by half-maximal inhibitory concentration (IC50); a low IC50 indicates a sensitive response. We planned to identify antitumor drugs with specific sensitivity to different RYR2 status: (1) because the IC50 value of each drug was not normally distributed (Kolmogorov-Smirnov normality test, p < 0.05), Wilcoxon rank-sum test was utilized; (2) considering the large number of drugs, we adopted an FDR < 0.05 as the screening criteria. FDR was obtained by Benjamini-Hochberg (BH) multiple test correction; and (3) for each drug of interest, if Wilcoxon rank-sum test FDR < 0.05 and the sensitivity of one phenotype was significantly higher than that of another phenotype, it was considered that the drug had specific sensitivity to this phenotype.



Statistical Analysis

The gene mutation waterfall plot was visualized with “maftools” R package, and the co-occurrence or mutual exclusivity of gene mutations was evaluated by Fisher exact test. Kolmogorov-Smirnov normality test value of p TMB, IC50, immune cell infiltration abundance, and immune checkpoints (ICP) expression were all less than 0.05. Thus, the comparisons of two groups were conducted by Wilcoxon rank-sum test. Chi-square test or Fisher exact test was used to compare categorical variables. GSEA was performed by “clusterProfiler” R package (Yu et al., 2012). Kaplan-Meier method was applied to generate the survival curves for prognosis analyses, and log-rank test was used to define the significance of differences. The hazard ratios (HRs) for variables were calculated by univariate Cox regression analyses, and multivariate Cox regression was employed to ascertain independent prognostic factors. All statistical value of p were two-sided, and p < 0.05 was deemed as statistically significant. FDR was obtained by BH multiple test correction. All data processing, statistical analysis, and plotting were conducted in R 4.0.2 software.




RESULTS


Landscape of Somatic Mutations in EAC

In the American cohort, the mutation landscape of 87 patients was summarized in this study. A total of 12,587 somatic mutations were detected, including 7,107 mutational genes and 280 genes with a mutation frequency of more than 5%. In the British cohort, the mutation landscape of 409 patients was summarized in this study. A total of 64,940 somatic mutations were detected, including 14,772 mutational genes and 254 genes with a mutation frequency of more than 5%. Consistently, missense mutation occupied the dominant fraction, and C > T displayed the highest frequency, followed by T > C and C > A. We defined 30 FMGs in American EAC patients from the TCGA cohort, and the top five FMGs were TP53 (78%), TTN (49%), MUC16 (29%), SYNE1 (28%), and HMCN1 (23%; Figure 1A). Meanwhile, we also defined 30 FMGs in British EAC patients from the ICGC cohort, and the top five FMGs were TP53 (72%), TTN (55%), MUC16 (33%), CSMD3 (22%), and LRP1B (22%; Figure 1B). Intriguingly, some FMGs were shared by both American and British patients, including ARID1A, CSMD1, CSMD3, EYS, FAT3, FLG, HMCN1, LAMA1, LRP1B, MUC16, PCLO, RYR2, RYR3, SMAD4, SPTA1, SYNE1, TP53, and TTN (Figure 1C). Then, we focused on these common FMGs in a subsequent analysis.
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FIGURE 1. Landscapes of frequently mutated genes (FMGs) in esophageal adenocarcinoma (EAC). (A,B) Oncoplot depicts the FMGs of EAC in The Cancer Genome Atlas (TCGA; A) and International Cancer Genome Consortium (ICGC; B) cohorts. The left panel shows mutation rate, and genes are ordered by their mutation frequencies. The right panel presents different mutation types. (C) Venn diagram of FMGs covered by both TCGA and ICGC cohorts.




RYR2 Mutation Was Associated With TMB and Prognosis

The TMB in the TCGA cohort ranged from 0.04 to 31.70/MB, with a median of 2.1/MB; the TMB in the ICGC cohort ranged from 0.02 to 36.94/MB, with a median of 2.3/MB. Among common FMGs, patients with mutations in ARID1A, CSMD3, EYS, HMCN1, LAMA1, MUC16, PCLO, RYR2, RYR3, SPTA1, SYNE1, and TTN possessed a dramatically higher TMB in both TCGA and ICGC cohorts (Figure 2A). Previous research has demonstrated that a higher TMB suggested a favorable prognosis in multiple cancers (Liu et al., 2019). In EAC, we further explore the prognosis role of TMB. As shown in Supplementary Figure S1A, patients with high TMB displayed an improved prognosis in the TCGA American cohort (p = 0.094; HR = 0.588, 0.314–0.998), and similar results were demonstrated in the ICGC British cohort (p = 0.022, HR = 0.723, 0.547–0.956). Subsequently, survival analysis was further performed to identify whether these FMGs associated with increased TMB were also related to the OS of patients with EAC. As shown in Supplementary Figure S1B, patients with RYR2 mutation had a significantly longer OS (p < 0.05). Univariate Cox analysis revealed that the HR of RYR2 mutation was 0.645 (95% CI: 0.433–0.962; p < 0.05; Figure 2B). After taking into account age, gender, and mutation of other FMGs, RYR2 mutation still remained statistically significant (p < 0.05), suggesting that RYR2 mutation was an independent protective factor of prognosis in EAC (Figure 2B). The two cohorts shared the same mutation frequency of RYR2 (17%), with 15/89 altered samples in TCGA American cohort and 70/409 altered samples in ICGC British cohort.
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FIGURE 2. RYR2 mutation was associated with tumor mutation burden (TMB) and clinical prognosis. (A) Most gene mutations are associated with a higher TMB. ns, p ≥ 0.05; *p < 0.05; **p < 0.01; ***p < 0.001. (B) Univariate and multivariate Cox regression analysis. WT, wild type and MT, mutant type.




RYR2 Mutation Promoted Antitumor Immunity in EAC

According to GSEA analysis, we found plenty of immune-related GO terms that were enriched in RYR2 mutation phenotype, such as “response to chemokine” (NES = 2.192, FDR < 0.001), “chemokine-mediated signaling pathway” (NES = 2.180, FDR < 0.001), “interleukin-2 production” (NES = 2.177, FDR < 0.001), “lymphocyte-mediated immunity” (NES = 2.152, FDR < 0.001), and “granulocyte chemotaxis” (NES = 2.180, FDR < 0.001; Figure 3A). RYR2 mutation was also significantly associated with abundant immune-related KEGG pathways, such as “Th1 and Th2 cell differentiation” (NES = 2.194, FDR < 0.001), “cytokine-cytokine receptor interaction” (NES = 2.185, FDR < 0.001), “natural killer cell-mediated cytotoxicity” (NES = 2.157, FDR < 0.001), “T cell receptor signaling pathway” (NES = 2.140, FDR < 0.001), and “IL-17 signaling pathway” (NES = 2.121, FDR < 0.001; Figure 3B). In addition, we further applied the ssGSEA algorithm to evaluate the relative infiltration abundance of 28 immune cell types. Consistent with the above-mentioned results, the abundance of most immune cell infiltrations in patients with RYR2 mutation was significantly higher than in patients without RYR2 mutation (p < 0.05; Figure 3C and Supplementary Figure S2A). The CIBERSORT results shared a consistent immune infiltration pattern with the ssGSEA method in EAC (Supplementary Figure S2B). The ESTIMATE algorithm further demonstrated that patients with RYR2 mutation possessed a stronger level of immune signature compared with patients without RYR2 mutation (Supplementary Figure S2C). Overall, these results indicated that RYR2 mutation might promote antitumor immunity in EAC, which had important implications for immunotherapy.
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FIGURE 3. Functional and immune infiltration analysis. (A) Significantly enriched Gene Ontology terms associated with RYR2 mutation. (B) Significantly enriched Kyoto Encyclopedia of Genes and Genomes pathways associated with RYR2 mutation. (C) Assessment of infiltration abundance of 28 immune cells in patients with and without RYR2 mutation.




RYR2 Mutation Suggested Better Immunotherapy Response

Patients with RYR2 mutation had a higher expression level of PD-L1, PD-L2, PD-1, and CTLA-4 than patients without RYR2 mutation (Figure 4A). The T cell-inflamed GEP algorithm was utilized and a superior inflamed score was found in the RYR2 mutation phenotype (Figure 4B). We further applied the TIDE algorithm to assess the TIDE prediction score of each patient and whether a patient would respond to immunotherapy. The TIDE prediction score was lower in the RYR2 mutation phenotype (Figure 4C). In addition, the proportion of responders to immunotherapy in patients with RYR2 mutation was higher relative to the patients without RYR2 mutation (mutant type vs. wild type: 43 vs. 16%; Figure 4D). The SubMap analysis also revealed the dramatic expression similarity between the RYR2 mutation phenotype and patients with anti-PD-L1 therapy (FDR < 0.05; Figure 4E). These results indicated that RYR2 mutation suggested better immunotherapy response.

[image: Figure 4]

FIGURE 4. RYR2 mutation suggested better immunotherapy response. (A) Expression distribution of PD-L1, PD-L2, PD-1, and CTLA-4 between patients with and without RYR2 mutation. (B,C) Distribution of T cell-inflamed gene expression profile (B) and Tumor Immune Dysfunction and Exclusion (TIDE) prediction score (C) between patients with and without RYR2 mutation. (D) Distribution of immunotherapy responders predicted by TIDE algorithm between patients with and without RYR2 mutation. (E) SubMap algorithm evaluated the expression similarity between the two phenotypes and the patients with a different immunotherapy response.




Identification of Potential Antitumor Drugs Associated With RYR2 Status

We retrieved the imputed response to 138 antitumor drugs in EAC patients from a previous study to identify potential antitumor drugs with specific sensitivity to each phenotype (Geeleher et al., 2017). As shown in Figure 5A, the estimated IC50 of nine drugs significantly differed between the two groups. Patients without RYR2 mutation were more sensitive to lenalidomide, MG-132, and SB216763, while patients with RYR2 mutation were more sensitive to A-770041, A-443654, CMK, erlotinib, JW-7-52-1, and rapamycin. Drugs were associated with RYR2 wild type if mainly targeting protein stability and degradation and WNT signaling, while drugs were associated with RYR2 mutation if mainly targeting EGFR signaling, kinases, and PI3K/MTOR signaling (Figure 5B). These results provided additional reference for antitumor therapies of different RYR2 status.
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FIGURE 5. Identified potential antitumor drugs associated with RYR2 status. (A) Distribution of the estimated IC50 of nine drugs between patients with and without RYR2 mutation. (B) The nine drugs and their corresponding targeted molecules and pathways between patients with and without RYR2 mutation.





DISCUSSION

In the present study, we, respectively, characterized the somatic mutation landscape of 87 American EAC patients and 409 British patients from TCGA and ICGC datasets. Then, we found that RYR2 mutated frequently in the two cohorts, and its mutation was dramatically associated with a higher TMB and a favorable prognosis. Meanwhile, patients with RYR2 mutation suggested an “immune-hot” tumor, which enriched abundant immune-related pathways, numerous immune cell infiltrations, and higher expression of ICPs. These results indicated that patients with RYR2 mutation might benefit more from immunotherapy, which was in line with the immunotherapy assessment results of bioinformatics algorithms.


RYR2 is a major component of the intracellular Ca2+ release channels and is associated with the endoplasmic or sarcoplasmic reticulum of several cell types, especially in cardiomyocytes (Lanner et al., 2010; Van Petegem, 2015). Recent studies demonstrated that RYR2 was significantly mutated in multiple cancers, and RYR2 was reported to be a driver gene in cervical cancer, colon cancer, breast cancer, head and neck cancer, and lung adenocarcinoma (Wolff et al., 2018; Schmitt et al., 2019; Wang et al., 2019; Cimas et al., 2020; Wei et al., 2020). Femi (2018) demonstrated that mutation in RYR2 was a prognosis biomarker of cervical cancer and breast cancer. Cimas et al. (2020) found that a mutation in RYR2 was associated with a favorable outcome in basal-like breast tumors expressing PD-1/PD-L1. Wang et al. (2019) reported that RYR2 mutation was a significant biomarker for suggesting high TMB in lung adenocarcinoma. In this study, we found that RYR2 mutation was an independent protective prognostic factor and had a positive relationship with high TMB in EAC. TMB represents the accumulation of somatic mutations in tumors; a high TMB can give rise to mutation-derived neoantigens and improve the immunogenicity of tumor, which is likely to induce a T-cell-dependent immune response (McGranahan et al., 2016). Hence, we speculated that RYR2 mutation might promote antitumor immunity in EAC.

Actually, the RYR2 mutation phenotype enriched a multitude of immune-related pathways and displayed a higher abundance of immune cell infiltration, suggesting the “immune-hot” subtype. A previous study has demonstrated that the “immune-hot” tumors were more sensitive to immunotherapy (Galon and Bruni, 2019). Apart from this, concerning some prevalent biomarkers of immunotherapy such as PD-L1, PD-L2, PD-1, and CTLA-4, their expression in patients with RYR2 mutation was higher, which was conducive to obtaining an effective immunotherapy response. Consistent with this, bioinformatics algorithms including T cell-inflamed GEP, TIDE, and SubMap methods further validated this conclusion. These results indicated that patients with RYR2 mutation might be a promising biomarker of immunotherapy. However, the limitation of our study is in evaluating the immunotherapy response using bioinformatics algorithms rather than conducting large-scale immunotherapy clinical trials. In spite of this, the above-mentioned results were highly consistent in terms of functional analysis and predictive results, which indicates that our results are relatively reliable. In addition, we identified latent antitumor drugs associated with RYR2 status in EAC, hoping to provide additional reference for antitumor therapies of different RYR2 status.

In conclusion, our study identified that RYR2 was frequently mutated in EAC, and RYR2 mutation was dramatically associated with a higher TMB and suggested a better prognosis. Moreover, RYR2 mutation upregulated the signaling pathways implicated in immune response and enhanced the antitumor immunity in EAC. This study reveals a novel gene whose mutation could serve as a potential biomarker for the prognosis, TMB, and immunotherapy of EAC patients.
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Supplementary Figure S2 | Distribution of immune infiltration signatures between patients with and without RYR2 mutation. (A) The infiltration abundance of 28 immune cell subsets evaluated by ssGSEA algorithm. (B) The immune cell infiltration pattern assessed by CIBERSORT algorithm. (C) The distribution of stromal, immune, and ESTIMATE scores and tumor purity between patients with and without RYR2 mutation.



FOOTNOTES

1http://portal.gdc.cancer.gov/

2http://dcc.icgc.org/


REFERENCES

 Ayers, M., Lunceford, J., Nebozhyn, M., Murphy, E., Loboda, A., Kaufman, D. R., et al. (2017). IFN-gamma-related mRNA profile predicts clinical response to PD-1 blockade. J. Clin. Invest. 127, 2930–2940. doi: 10.1172/JCI91190 

 Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder, D., et al. (2017). Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of response to checkpoint blockade. Cell Rep. 18, 248–262. doi: 10.1016/j.celrep.2016.12.019 

 Cimas, F. J., Manzano, A., Baliu-Pique, M., Garcia-Gil, E., Perez-Segura, P., Nagy, A., et al. (2020). Genomic mapping identifies mutations in RYR2 and AHNAK as associated with favorable outcome in basal-like breast tumors expressing PD1/PD-L1. Cancer 12:2243. doi: 10.3390/cancers12082243 

 Dulak, A. M., Stojanov, P., Peng, S., Lawrence, M. S., Fox, C., Stewart, C., et al. (2013). Exome and whole-genome sequencing of esophageal adenocarcinoma identifies recurrent driver events and mutational complexity. Nat. Genet. 45, 478–486. doi: 10.1038/ng.2591 

 Femi, O. F. (2018). Genetic alterations and PIK3CA gene mutations and amplifications analysis in cervical cancer by racial groups in the United States. Int. J. Health Sci. 12, 28–32. 

 Frankell, A. M., Jammula, S., Li, X., Contino, G., Killcoyne, S., Abbas, S., et al. (2019). The landscape of selection in 551 esophageal adenocarcinomas defines genomic biomarkers for the clinic. Nat. Genet. 51, 506–516. doi: 10.1038/s41588-018-0331-5 

 Galon, J., and Bruni, D. (2019). Approaches to treat immune hot, altered and cold tumours with combination immunotherapies. Nat. Rev. Drug Discov. 18, 197–218. doi: 10.1038/s41573-018-0007-y 

 Ganesh, K., Stadler, Z. K., Cercek, A., Mendelsohn, R. B., Shia, J., Segal, N. H., et al. (2019). Immunotherapy in colorectal cancer: rationale, challenges and potential. Nat. Rev. Gastroenterol. Hepatol. 16, 361–375. doi: 10.1038/s41575-019-0126-x 

 Geeleher, P., Zhang, Z., Wang, F., Gruener, R. F., Nath, A., Morrison, G., et al. (2017). Discovering novel pharmacogenomic biomarkers by imputing drug response in cancer patients from large genomics studies. Genome Res. 27, 1743–1751. doi: 10.1101/gr.221077.117 

 Goodman, A. M., Kato, S., Bazhenova, L., Patel, S. P., Frampton, G. M., Miller, V., et al. (2017). Tumor mutational burden as an independent predictor of response to immunotherapy in diverse cancers. Mol. Cancer Ther. 16, 2598–2608. doi: 10.1158/1535-7163.MCT-17-0386 

 Hoshida, Y., Brunet, J. P., Tamayo, P., Golub, T. R., and Mesirov, J. P. (2007). Subclass mapping: identifying common subtypes in independent disease data sets. PLoS One 2:e1195. doi: 10.1371/journal.pone.0001195 

 Humphries, M. P., Craig, S. G., Kacprzyk, R., Fisher, N. C., Bingham, V., McQuaid, S., et al. (2020). The adaptive immune and immune checkpoint landscape of neoadjuvant treated esophageal adenocarcinoma using digital pathology quantitation. BMC Cancer 20:500. doi: 10.1186/s12885-020-06987-y 

 IJsselsteijn, M. E., Sanz-Pamplona, R., Hermitte, F., and de Miranda, N. (2019). Colorectal cancer: a paradigmatic model for cancer immunology and immunotherapy. Mol. Asp. Med. 69, 123–129. doi: 10.1016/j.mam.2019.05.003 

 Jiang, P., Gu, S., Pan, D., Fu, J., Sahu, A., Hu, X., et al. (2018). Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24, 1550–1558. doi: 10.1038/s41591-018-0136-1 

 Lanner, J. T., Georgiou, D. K., Joshi, A. D., and Hamilton, S. L. (2010). Ryanodine receptors: structure, expression, molecular details, and function in calcium release. Cold Spring Harb. Perspect. Biol. 2:a003996. doi: 10.1101/cshperspect.a003996 

 Liu, L., Bai, X., Wang, J., Tang, X. R., Wu, D. H., Du, S. S., et al. (2019). Combination of TMB and CNA stratifies prognostic and predictive responses to immunotherapy across metastatic cancer. Clin. Cancer Res. 25, 7413–7423. doi: 10.1158/1078-0432.CCR-19-0558 

 Mahoney, K. M., Rennert, P. D., and Freeman, G. J. (2015). Combination cancer immunotherapy and new immunomodulatory targets. Nat. Rev. Drug Discov. 14, 561–584. doi: 10.1038/nrd4591 

 Mayakonda, A., Lin, D. C., Assenov, Y., Plass, C., and Koeffler, H. P. (2018). Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res. 28, 1747–1756. doi: 10.1101/gr.239244.118 

 McGranahan, N., Furness, A. J., Rosenthal, R., Ramskov, S., Lyngaa, R., Saini, S. K., et al. (2016). Clonal neoantigens elicit T cell immunoreactivity and sensitivity to immune checkpoint blockade. Science 351, 1463–1469. doi: 10.1126/science.aaf1490 

 Messager, M., de Steur, W., Boelens, P. G., Jensen, L. S., Mariette, C., Reynolds, J. V., et al. (2016). Description and analysis of clinical pathways for oesophago-gastric adenocarcinoma, in 10 European countries (the EURECCA upper gastro intestinal group—European registration of Cancer care). Eur. J. Surg. Oncol. 42, 1432–1447. doi: 10.1016/j.ejso.2016.01.001

 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 12, 453–457. doi: 10.1038/nmeth.3337 

 Riaz, N., Havel, J. J., Kendall, S. M., Makarov, V., Walsh, L. A., Desrichard, A., et al. (2016). Recurrent SERPINB3 and SERPINB4 mutations in patients who respond to anti-CTLA4 immunotherapy. Nat. Genet. 48, 1327–1329. doi: 10.1038/ng.3677 

 Rustgi, A. K., and El-Serag, H. B. (2014). Esophageal carcinoma. N. Engl. J. Med. 371, 2499–2509. doi: 10.1056/NEJMra1314530 

 Schmitt, K., Molfenter, B., Laureano, N. K., Tawk, B., Bieg, M., Hostench, X. P., et al. (2019). Somatic mutations and promotor methylation of the ryanodine receptor 2 is a common event in the pathogenesis of head and neck cancer. Int. J. Cancer 145, 3299–3310. doi: 10.1002/ijc.32481 

 Siegel, R. L., Miller, K. D., and Jemal, A. (2019). Cancer statistics, 2019. CA Cancer J. Clin. 69, 7–34. doi: 10.3322/caac.21551

 Van Petegem, F. (2015). Ryanodine receptors: allosteric ion channel giants. J. Mol. Biol. 427, 31–53. doi: 10.1016/j.jmb.2014.08.004 

 Wang, C., Liang, H., Lin, C., Li, F., Xie, G., Qiao, S., et al. (2019). Molecular subtyping and prognostic assessment based on tumor mutation burden in patients with lung adenocarcinomas. Int. J. Mol. Sci. 20:4251. doi: 10.3390/ijms20174251 

 Wei, Y., Wang, X., Zhang, Z., Zhao, C., Chang, Y., Bian, Z., et al. (2020). Impact of NR5A2 and RYR2 3'UTR polymorphisms on the risk of breast cancer in a Chinese Han population. Breast Cancer Res. Treat. 183, 1–8. doi: 10.1007/s10549-020-05736-w 

 Wolff, R. K., Hoffman, M. D., Wolff, E. C., Herrick, J. S., Sakoda, L. C., Samowitz, W. S., et al. (2018). Mutation analysis of adenomas and carcinomas of the colon: early and late drivers. Genes Chromosom. Cancer 57, 366–376. doi: 10.1002/gcc.22539

 Yoshihara, K., Shahmoradgoli, M., Martinez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 4:2612. doi: 10.1038/ncomms3612

 Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS 16, 284–287. doi: 10.1089/omi.2011.0118 

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Liu, Liu, Jiao, Guo, Wang, Li, Sun, Zhao and Han. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fgene-12-669694-g005.jpg
Lenalidomide MG-132 SB216763 A-770041 A-443654
Wilcoxon, p = 5.26-09 Wilcoxon, p = 2.1e-05 Wilcoxon, p = 6e-07 Wilcoxon, p=4.96-09 | °° | Wilcoxon, p = 0001
3l !

54
a5
55
1 21 55
52
. 40
55 14
50
50
35
. 1

CMK Erlotinib JW-7-52-1 Rapamycin

Wilcoxon, p = 0.00016 | 60-  Wilcoxon, p = 0.0043 Wilgoxon, p = 0.042 Wilcpxon, p = 0.00053
0
RYR2
25 B wr
B T
00

KA %%d

& 00"
i/ - N

Estimated 1C50

Erloti

Rapamycin






OPS/images/fgene-12-669694-g003.jpg
>

GO Terms

Chemokine-mediated signaling pathway ~ 2.180 <0.001

Interleukin—2 production 2177 <0.001

W Tl e e wa

\H HW\ LIl W‘ i“ W ‘\ \“\ H Ul

il

nphocyte mediated immunif 152 <0.001

En 0500 500
Rank in Ordered Dataset

B
N
3
i
So
fif
%o <0.001
c
29 <0.001
’ \ | \ ‘
P m.;d\m w1l o
g,
@ o — E
£s
H = s =
¢ 1
-
e mensony S
A
Activated B cell N
MDSC|

Activated dendiiticcell
Reguiatory T cell
Wacrophage

T follcular helper cell
Type 1 T helper call
immature B cell

=
=
e
e
Central memory CD8 T cell | [
S
et
‘Gamma delta T cel| ||






OPS/images/fgene-12-669694-g004.jpg
Relative Expression

PD-L1 PD-L2 EDS CTLA-4
Wilcoxon, p =0.014 5 Wilcoxon, p = 0.042 Wilcoxon, p = 0.038 Wilcoxon, p = 0.047
54
5
4
4 41
3 RYR2
3 37 E3 wr
=R
2 2 2l
1
1 14
c Fisher, p = 0.017
5{  Wilcoxon, p=0.031 0] Wilcoxon, p=0.012 JLp— 0
fz
o4 g )
§ 8o é 75-
g5 s 2 Responder
8 S o < s W e
€ 8 S Faise
L2 a 3
o] w T
o Q-3 Jo T
By = e
a
-08 F oo

NE
RYR2

RYRZ

RYR2-WT

RYR2-MT

RYR2-WT
RYR2-MT
NR R NR R

CTLA4 PD-L1

0.8

0.6

0.4

0.2

u

P-value
FDR





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Association of RYR2 Mutation With Tumor Mutation Burden, Prognosis, and Antitumor Immunity in Patients With Esophageal Adenocarcinoma



		Introduction



		Materials and Methods



		Data Acquisition



		Delineate the Mutation Landscape



		Calculate the Tumor Mutation Burden for Each Patient



		Functional Enrichment and Immune Infiltration Analysis



		Immunotherapy Assessments



		Estimation of Clinical Chemotherapeutic Response



		Statistical Analysis









		Results



		Landscape of Somatic Mutations in EAC



		RYR2 Mutation Was Associated With TMB and Prognosis



		RYR2 Mutation Promoted Antitumor Immunity in EAC



		RYR2 Mutation Suggested Better Immunotherapy Response



		Identification of Potential Antitumor Drugs Associated With RYR2 Status









		Discussion



		Data Availability Statement



		Author Contributions



		Funding



		Supplementary Material



		Footnotes



		References



















OPS/images/fgene-12-669694-g001.jpg
TCGA

Alterations
[ Nonsense_utation

= Nonstop_Mutation
ity

ICGC
729% OO0 0 O 3 P53
T — ™ o
CsHiD3
LRPIB

[
20% I LRSS Y
20% WL L0000 10T ] SYNE
do% LI 10D 11 UG FATa
AN TR LR 1 B WD (0T csmpt
brect TR Y TR T 1 R
% [LITTED UL T LR 1[0} | LAmMAT
(E%IHH LN T L N | il il evs

Alterations

H Missense_tutaton
£ in'Frame_Del

16% L A 1 ([T T} \HIHHIII I [l oBsen
‘5% LU e e metie e FHE i PCoHts mm In_Frame_ins
% I HH IIH [ H iy HMCNi - Translation_Start_Site
%] | T LU (T8} [N 11 F - I Nonstop_Mutation
“%HHH i [ \ UL A IRRULA R RVRB - W Muiti_Hif
2od 1R T I e L 1 Y1~ S
%I LI LTI T {E LT RO |1 I DNAHY .
% WL ey | 0 I 7
%] 11| IIHH 1T 1 A O T 53
2%\IHH LN T A 13
B33 S A Y I 110 TARIDIA
12% 1 LW iR inn WEE I xRe2
1 | [ R IR YN BT e 1T I CDKN2A

1
BT LT O A R N I 0 S O T HDDLHM

L i | FSiP2 m
A% T A T ] MAP2
V% L IETEE T T e BT Il IIsMAD4 =

ARIDIA  CSMDI
EYS FAT3
HMCNI | LAMAI

MUCI6  PCLO
RYR3 | SMAD4
SYNEI  TPS3






OPS/images/fgene-12-669694-g002.jpg
“ns* ¥ nsns

ns

s

ns

Univariate analysis

g
V” o B3 wr
g, B
o
SEC8ECEERCgERaEIEE EEBEER3SPEIREIRIBE
2388 £3%25%%3065 2838 $3525EE565
P-value HR (95% Cl)
Age (60 vs. $60) 0685  1.065(0.784-1447) R
Sex (Male vs. Female) 0554 1.128 (0.757-1.680) RN S
TTN (MT vs. WT) 0.659 0.941 (0.716-1.235) _
MUC16 (MT vs. WT) 0.375 1.139 (0.855-1.516) _—
SYNET (MT vs. WT) 0.689 0.934 (0.669-1.304) R —
HMCN1 (MT vs. WT) 0.345 0.830 (0.563-1.222) —_—
PCLO (MT vs. WT) 0.945 1.011 (0.736-1.390) R S
SPTAT (MT vs. WT) 0.429 1.142 (0.821-1.589) [ - S
RYR2 (MT vs. WT) 0.031 0.645 (0.433-0.962) ~——fl——
CSMD3 (MT vs. WT) 0.626 0.922 (0.667-1.276) —_—.
LAMAT (MT vs. WT) 0.870 1.031 (0.717-1.483) —_—
EYS (MT vs. WT) 0.351 1.182 (0.832-1.680) PR S
ARID1A (MT vs. WT) 0.675 1.086 (0.738-1.599) _
RYR3 (MT vs. WT) 0.184 0.766 (0.517-1.135) _—
Multivariate analysis
Age (>60 vs. =60) 0.957 0.991 (0.724-1.358) .
Sex (Male vs. Female) 0.589 1.118 (0.747-1.672) —_— .
TTN (MT vs. WT) 0.701 0.944 (0.703-1.267) s
MUC16 (MT vs. WT) 0.200 1.223 (0.899-1.665) —
SYNE1 (MT vs. WT) 0.812 0.959 (0.677-1.357) —a.—
HMCN1 (MT vs. WT) 0.390 0.839 (0.562-1.253) .
PCLO (MT vs. WT) 0.830 1.037 (0.744-1.445) [ R
SPTAT (MT vs. WT) 0338 1.185 (0.837-1.677) —_— .
RYR2 (MT vs. WT) 0.029 0.631(0.417-0.954) —F——
CSMD3 (MT vs. WT) 0.730 0.942 (0.673-1.320) .
LAMAT (MT vs. WT) 0870 0.969 (0.664-1.413) _
EYS (MT vs. WT) 0431 1.163(0.799-1.691) —a
ARID1A (MT vs. WT) 0.644 1.100 (0.734-1.648) ™
RYR3 (MT vs. WT) 0.235 0.779 (0.515-1.177)

T T T
04 06 08 10 12 14 16 18

Hazard ratio





OPS/images/cover.jpg
, frontiers
in Genetics

Association of RYR2 Mutation With
Tumor Mutation Burden, Prognosis,
and Antitumor Immunity in Patients
With Esophageal Adenocarcinoma









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers

in Genetics





