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Unlike early clear cell renal cell carcinoma (ccRCC), locally advanced and metastatic ccRCC present poor treatment outcomes and prognosis. As immune checkpoint inhibitors have achieved favorable results in the adjuvant treatment of metastatic ccRCC, we aimed to investigate the immunogenomic landscape during ccRCC progression and its potential impact on immunotherapy and prognosis. Using multi-omics and immunotherapy ccRCC datasets, an integrated analysis was performed to identify genomic alterations, immune microenvironment features, and related biological processes during ccRCC progression and evaluate their relevance to immunotherapy response and prognosis. We found that aggressive and metastatic ccRCC had higher proportions of genomic alterations, including SETD2 mutations, Del(14q), Del(9p), and higher immunosuppressive cellular and molecular infiltration levels. Of these, the Del(14q) might mediate immune escape in ccRCC via the VEGFA-VEGFR2 signaling pathway. Furthermore, immune-related pathways associated with ccRCC progression did not affect the immunotherapeutic response to ccRCC. Conversely, cell cycle pathways not only affected ccRCC progression and prognosis, but also were related to ccRCC immunotherapeutic response resistance. Overall, we described the immunogenomic characteristics of ccRCC progression and their correlations with immunotherapeutic response and prognosis, providing new insights into their prediction and the development of novel therapeutic strategies.
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Introduction

Clear cell renal cell carcinoma (ccRCC) is a common urological malignancy and a leading cause of cancer-related deaths worldwide (1). ccRCC TNM stage classification is based on tumor progression and directly affects treatment modality and prognosis (2, 3). Localized ccRCC can be treated by nephron-sparing surgery, whereas advanced ccRCC is difficult to treat and presents with a poor prognosis and high recurrence rate. The recent development of immune checkpoint inhibitors (ICIs) markedly improved the prognosis of patients with metastatic ccRCC, but only a few of them experienced significant and lasting benefits (4). Therefore, identifying the biological features associated with ccRCC progression and response to immunotherapeutic agents could improve patient assessment, treatment selection, and prognosis.

ccRCC has relatively unique genomic characteristics, including Del(3p), Amp(5q), and somatic mutations in VHL, PBRM1, SETD2, and BAP1 (5). Although Del(3p) and VHL mutation are hallmark features of ccRCC, these genomic alterations showed no clear association with clinical outcomes. In contrast, Del(9p) and Del(14q) were identified as potent risk factors of metastasis and mortality in ccRCC (6). Furthermore, several pan-cancer analyses showed that ccRCC had significant inflammatory features and was one of the tumor types with the highest T cell infiltration (7, 8). However, unlike other tumors, high CD8+ tumor-infiltrating lymphocytes (TILs) were not associated with a good prognosis in ccRCC (9).

Recent studies demonstrated breakthrough results with ICIs for advanced ccRCC and became the first-line recommended regimen when combined with targeted therapy (2, 3). PD-L1 expression has been used to predict response to ICIs in other tumors like lung cancer (10). However, increasing evidence suggests that ccRCC response to immunotherapy was independent of the extent of CD8+ T cell infiltration and PD-L1 expression (11) and could not be predicted by tumor mutational burden (TMB), as done in some other cancers (12, 13). The unique genomic features and immune microenvironmental characteristics of ccRCC have complex implications for treatment response and prognosis. The relationships between them should be disentangled.

This study aimed to describe the immunogenomic landscape during ccRCC progression using multi-omics data on ccRCC from The Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium (ICGC) cohorts and immunotherapeutic response in an immunotherapy cohort. The study results could help understand the potential mechanisms behind the disease progression and resistance to immunotherapy and act as a reference when searching for more effective prognostic and immunotherapeutic response predictors and optimizing treatment strategies for ccRCC.



Methods


Patient Cohorts and Data Preprocessing

Data on somatic mutations, somatic copy number alterations (SCNAs), gene expression, and clinical information of patients with ccRCC were obtained from the TCGA database (https://portal.gdc.cancer.gov/repository) and named the TCGA cohort. Data from the ICGC portal (https://dcc.icgc.org/projects/RECA-EU) included somatic mutations, gene expression, and clinical information of patients with ccRCC, and named the ICGC cohort. After excluding samples with unspecified American Joint Committee on Cancer (AJCC) staging, which were used in subsequent studies, the TCGA and ICGC cohorts included, respectively, 348 and 72 patients with multi-omics data (Table S1). The patients were assigned one of the following phenotypes based on their TNM staging to more precisely characterize the aggressive and metastatic traits of the ccRCC: localized ccRCC (Stages I and II; T1-2N0M0), aggressive ccRCC (Stage III; T1-2N1M0 or T3NanyM0), and metastatic ccRCC (Stage IV; T4NanyM0 or TanyNanyM1). Raw reads in the two cohorts were transformed into transcripts per million (TPM) to allow for more direct comparability of gene expression between samples. Besides, normalized gene expression data and published clinical information on patients with metastatic ccRCC were obtained from the anti-PD-1 therapy clinical trial cohorts Checkmate 009 and Checkmate 025 (12 and 75 patients, respectively) (11). Patients with objective response or stable disease with tumor shrinkage and progression-free survival (PFS) of at least six months or with disease progression and a PFS of less than three months were grouped as having clinical benefit (CB) or no clinical benefit (NCB), respectively, as described by Braun et al. (11). Clinical information of patients with kidney renal papillary cell carcinoma (KIRP) and chromophobe renal cell carcinoma (KICH) was obtained from the TCGA database. Ethics approval and informed consent were not applicable, given that the data used in this study were publicly available.



Prognostic Correlation With Tumor Phenotypes

Kaplan-Meier analysis was used to estimate the prognostic impact of the AJCC staging and phenotypes on the overall survivals (OS) and recurrence-free survivals (RFS). Univariate and multivariate analyses by the Cox proportional hazard (CoxPH) model assessed whether AJCC staging and phenotypes were independent predictors of poor OS and RFS in patients with ccRCC and computed hazard ratios for each phenotype relative to the localized phenotype in the CoxPH models. We used the time-dependent receiver operating characteristic (ROC) area under the curve (AUC) to plot the differences between the analyzed CoxPH models to assess the predictive accuracy over time.



Comparison of Mutations Among Phenotypes

After excluding silent mutations, the TCGA and ICGC cohorts’ mutation files were encoded as a binary gene-sample matrix, with 1 indicating the presence of a non-silent mutation in a specific gene in a specific sample. Mutations with frequencies higher than 10% were defined as recurrent mutations and the remainder as low-frequency mutations. Mutations with a frequency greater than 2% were compared based on the gene’s mutational status to assess mutated genes associated with tumor progression. Two-sided Fisher’s exact test compared the mutation frequencies in the various phenotypes. Significantly different mutations were compared between every two phenotypes by the Mann-Whitney U test.



Comparison of SCNAs Among Phenotypes

Individual copy number estimates, segmented per-sample arm-level, focal-level, and gene-level copy ratios, were identified using GISTIC 2.0 (14). The SCNAs were classified as amplification (≥2), gain (=1), loss (–1), and deletion (–2) according to the discrete values generated by GISTIC. Subsequently, the association of SCNAs with phenotype was tested as described above for mutation analysis. Negative copy-number values were set to zero for amplification-centered analysis, while positive copy-number values were set to zero for deletion-centered analysis to define amplification and deletion events explicitly.



Analysis of the Association Between SCNAs and Target Gene Transcription

Analysis of the transcriptional regulatory relationship between SCNAs and the target genes included basal expression levels and correlation analysis between the target genes and SCNAs and between gene expression and tumor progression. Expression was considered strongly affected by SCNAs if it was significantly correlated with the SCNAs in all phenotypes; weakly affected if it was correlated only with some phenotypes; otherwise it was considered not applicable. The correlation between gene expression and tumor progression (i.e., phenotypes) was defined as strong if significant in both cohorts, weak if significant in only one cohort, or else considered not applicable. The basal target gene expression levels were measured by correlating between the tumor and normal tissues. Target genes were labeled as having high or low basal expression based on the significant change direction from the normal tissue expression and whether the changing trend was consistent in both cohorts; otherwise, they were considered moderate basal expression levels.



Quantification of Microenvironment Cell Abundance and Immunomodulators

CIBERSORT, MCPCounter, quantTIseq, and ImmuCellAI were used to quantify tumor-infiltrating immune cells in ccRCC samples from the TCGA and ICGC cohorts based on TPM-normalized gene expression data (15–18). Phenotypes differed in a type of immune cell if the same trend was observed in the results of at least half of the tools. The CIBERSORT results were processed following the protocol of Thorsson et al. (19) to compare with the other tools’ results. We drew on published immunomodulator lists and integrated them to characterize tumor immune escape (19–22). The newly integrated immunomodulators were categorized as immunoinhibitory factors, immunostimulatory factors, chemokines and receptors, interleukins and receptors, interferons and receptors, and antigen-presenting molecules (Table S2). The immunomodulators’ corresponding copy number levels came from the gene-level SCNAs generated by GISTIC. Cytolytic activity and IFNG and GZMB transcript levels were used to measure the anti-tumor immune activity (23, 24), where the cytolytic activity scores were calculated as the geometric mean of GZMA and PRF1 gene expressions (25).



Calculation of the Immunogenicity Indicators

TMB, fraction of genome altered (FGA), neoantigen load, intra-tumoral heterogeneity (ITH) score, cancer testis antigen (CTA) score, and homologous recombination deficiency (HRD) score were used to measure the tumor immunogenicity (22, 26–30). Neoantigen load was defined as the number of peptides that single-nucleotide variant and insertion/deletion (indel) predicted to bind to major histocompatibility complex (MHC) proteins and induce anti-tumor adaptive immunity. HRD score was the sum of three independent indicators’ scores reflecting genomic scar formation. The neoantigen load and HRD score data were retrieved from the Supplemental Materials in the study by Thorsson et al. (19). TMB was calculated as the sum of all non-synonymous mutations per megabase. FGA was defined as the proportion of genomes with |log2 copy-number >0.2| relative to the genome size. CTAs are genes whose expression is typically restricted to the human germline but aberrantly expressed in malignant tumors and could activate anti-tumor immune responses (31). CTA scores per sample were obtained from single-sample gene set enrichment analysis (ssGSEA) performed for a set of 201 cancer-testis genes curated by the cancer-testis database using the GSVA package with default settings (31, 32). ITH scores were defined as subclonal genomic fractions generated by ABSOLUTE (19). ABSOLUTE was run using default parameters on segmented copy-number data and mutation data.



Differential Expression and Functional Enrichment Analysis

Raw count and normalized expression data were imported, respectively, to DESeq2 and limma R package with default settings for differential gene expression analysis among phenotypes in the TCGA and ICGC cohorts and between groups with CB and NCB in the immunotherapy cohort, wherein genes with P < 0.05 were considered differentially expressed (33, 34). Gene set enrichment analysis (GSEA) was conducted using clusterProfiler with default parameters. Differentially expressed genes were ranked by −log10 (P value) × sign(log2 (fold change)) as input for the GSEA (35). The enrichment analysis used pathway terms of Hallmark and Wikipathway gene signatures from MSigDB (version 7.4, https://www.gsea-msigdb.org/gsea/msigdb/). Pathways with P < 0.05 were considered enriched. The enrichment direction was determined by the normalized enrichment score sign. ssGSEA was applied to evaluate the pathway enrichment scores of the samples. The intersection of the leading-edge gene of the enriched pathway between phenotypes where this pathway differed significantly was taken, and their union between the TCGA and ICGC cohorts was taken, which was taken as the thinned gene set to recalculate the ssGSEA scores (Table S9).



Statistical Analysis and Data Visualization

Analysis of variance or Wilcoxon rank-sum test was used to compare the distribution of continuous variables between groups. For multiple variable analysis between groups, all the variables were normalized to 1−10 range, and odds ratio was calculated by binary logistic regression. Categorical variables were analyzed using Fisher’s exact test. Mann-Whitney U test and LSD test were used to assess multiple comparisons. Associations between variables were assessed by the Spearman’s rank, Pearson, or Point-biserial correlation test, as appropriate. ssGSEA scores were normalized to between 0 and 1 before comparison among groups. ssGSEA scores of each pathway were classified into high-level and low-level groups according to the median value. Kaplan-Meier survival analysis with the log-rank test was performed using the R package survival. Cox proportional hazard regression was used to identify independent prognostic factors by the R package glmnet. The factors’ relative prognostic values were compared by receiver operating characteristic (ROC) analysis using the R package timeROC (36), and the AUC was used to assess predictive power. Statistical significance was set at P < 0.05. Data visualization was done by the R packages ggplot2 and circlize (37). All statistical analyses were performed with R statistical software (v4.1.2, R Core Team, R Foundation for Statistical Computing, Vienna, Austria).




Results


Aggressiveness and Metastasis are Independent Risk Factors for Mortality and Recurrence of ccRCC

Survival analysis results showed that AJCC staging could predict the patient OS and ccRCC recurrence (Figures 1A, C; S1A), but could not distinguish between Stage I and Stage II patients in OS and RFS (POS = 0.487; PRFS = 0.127; Table S3). OS and RFS were significantly different between the ccRCC phenotypes (Figures 1B, D; S1B).




Figure 1 | Evaluation of prognostic value of stages and phenotypes of ccRCC in TCGA cohort. (A) Kaplan–Meier curves of OS for stages of ccRCC. (B) Kaplan–Meier curves of OS for phenotypes of ccRCC. (C) Kaplan–Meier curves of RFS for stages of ccRCC. (D) Kaplan–Meier curves of RFS for phenotypes of ccRCC. (E) Time-dependent area under the ROC curve of stages and phenotypes for the OS in ccRCC and others. (F) Time-dependent area under the ROC curve of stages and phenotypes for the RFS in TCGA cohort and others. Ref: Reference group. (G) Forest plot of the univariate and multivariate Cox regression analysis of phenotypes and other clinical information for OS and RFS.



Univariate regression analysis showed that the aggressive and metastatic phenotypes had a significantly higher risk of mortality and recurrence than the localized phenotype (Figure 1G). Multivariate regression analysis confirmed they were independent risk factors for mortality and recurrence of ccRCC (Figure 1G). Subsequently, the ccRCC phenotype predictive efficacy of OS and recurrence was assessed. Time-dependent ROC analysis showed that the ccRCC phenotype had good predictive power of OS (AUCTCGA = 0.71–0.81; AUCICGC = 0.66–0.81); and recurrence (AUCTCGA = 0.79–0.85) within 5 years, similar to those of the AJCC stages (Figures 1E, S1C; Table S4). We further evaluated the TNM staging predictive ability for KICH and KIRP prognoses as they used the same set of staging criteria as ccRCC. Interestingly, the AJCC stage could not distinguish well between good and poor OS or recurrence of KICH and KIRP (Figures S1D–G, Table S3), and its predictive power for OS (AUC KICH = 0.49–0.79; AUC KIRP = 0.61–0.76) or recurrence (AUC KICH = 0.61–0.80; AUC KIRP = 0.57–0.79) was poor and not stable within 5 years (Figures 1E, F). Overall, ccRCC showed more significant survival and recurrence differences between tumor progression phenotypes than other common kidney cancers. Aggressive and metastatic characteristics influence the choice of treatment modality, prognosis, and recurrence of patients with ccRCC. Therefore, further work is necessary to investigate the relevant factors affecting ccRCC progression.



Distinct Genomic Alteration Landscapes Drive ccRCC Progression

Somatic genomic alterations, including mutations and SCNAs, are important tumor initiation and progression drivers (38, 39). Common recurrent mutations (>10%) in the TCGA and ICGC cohorts integrated data included VHL, PBRM1, SETD2, TTN, and BAP1, of which only SETD2 differed significantly among phenotypes (Figures 2A, B; S2A; Tables S5–6). RYR3 and PTEN differed significantly in low-frequency mutations (<10%) but showed inconsistency in the two cohorts. We evaluated 12 driver somatic mutations in ccRCC based on the findings of Bailey et al. (40). The results showed that only SETD2 mutations were associated with ccRCC progression (Figures 2A, B; S2A), implying that most driver mutations may be closely associated with tumorigenesis rather than ccRCC progression. However, survival analysis showed that SETD2 mutations were not related to prognosis, while BAP1 mutations were related to poor prognosis (Figure S2B). This finding could be explained by the large differences in the potential mechanisms through which they affect tumor progression and prognosis. Further multiple comparison tests found that SETD2 mutations discriminated between localized and non-localized ccRCC, but not between aggressive and metastatic ccRCC (Tables S5–6). Interestingly, the above analysis did not identify somatic mutations present only in localized ccRCC.




Figure 2 | Overview of genomic alterations among phenotypes in ccRCC. (A) Ternary plot showing proportions of mutations among phenotypes of ccRCC in TCGA cohort. (B) Ternary plot showing proportions of mutations among phenotypes of ccRCC in ICGC cohort. (C) Waterfall plot with recurrent and differential mutations and SCNAs among phenotypes of ccRCC in TCGA cohort.



In contrast to somatic mutations, SCNAs often affect a series of genes. In the TCGA cohort, Del(3p) and Amp(5q) were the most common recurrent SCNAs in ccRCC (Figures 2C, 3), with similar proportions among phenotypes and no association with prognosis (Figures 3, S2B; Table S7), implying that they may simply be drivers of tumor initiation. High-frequency arm-level SCNAs [Del(14q) (47.7%) and Del(9q) (31.3%)] and focal-level SCNAs [Del(9p21.3) (34.9%), Del(9p23) (34.4%), and Del(4q24) (15.4%)] were more common in aggressive and metastatic ccRCC (Figure 3) and associated with poor prognosis (Figure S2B). Similar to somatic mutations, these SCNAs could not effectively discriminate between aggressive and metastatic ccRCC (Table S7), suggesting that they might drive ccRCC progression but not distant metastasis. Furthermore, significantly occurring SCNAs were found in all phenotypes except localized ccRCC (Figures 2C, 3). Further analysis found a moderate positive correlation between the deletions on chromosome 9 and those on chromosomes 4 and 14 (Figure 3; Table S8).




Figure 3 | Circular plot showing the recurrent and differential SCNAs and their correlation among phenotypes of ccRCC in TCGA cohort.



To understand the potential mechanisms by which SCNAs drive ccRCC progression, we analyzed the correlation between transcript levels of well-known genes with SCNAs and SCNA levels and ccRCC progression. We found that the transcript levels of HIF1A, a target of Del(14q) in ccRCC, were similar to those in normal tissues and weakly influenced by SCNAs or phenotype (Figure 4). The transcript levels of DAPK1, FBP1, and TSC1, well-known targets on Del(9q), were significantly influenced by Del(9q). Of these, only TSC1 was strongly associated with tumor progression (Figure 4). Furthermore, lower mean expression levels of FBP1 were observed in ccRCC in both cohorts than in normal tissues, while the opposite was true for TSC1. CDKN2A and CDKN2B, well-known tumor suppressors at 9p21.3, had higher transcript levels in ccRCC than normal tissue. These were not affected by SCNAs and tumor progression (Figure 4). The expression of MTAP, another tumor suppressor at 9p21.3, was strongly associated with SCNAs and tumor progression, although its mean level was similar to that in the normal tissue (Figure 4). Collectively, MTAP appears to be a more suitable target for Del(9p21.3) in ccRCC. The expression of PTPRD at 9p23 was lower in ccRCC than in normal tissue, and weakly correlated with SCNAs and tumor progression. CXXC4 and TET2 at 4q24 were equally potential targets for tumor suppression (41, 42). Strangely, their transcript levels in ccRCC were weakly influenced by SCNAs and not associated with tumor progression (Figure 4). Moreover, their mean expression levels were significantly higher in ccRCC than in normal tissues, implying that they might act as tumor suppressors in ccRCC, but that their expression was particularly influenced by regulatory factors other than SCNAs.




Figure 4 | The result of transcriptional regulatory relationship between SCNAs and target genes. Ref: Reference group.





Dynamic Changes in the Patterns of Immune Escape During ccRCC Progression

Schreiber et al. presented the concept of tumor immune editing and described two possible pathways involved in tumor immune escape. One was the extrinsic immune escape, i.e., exhaustion of effector TILs, high infiltration of immunosuppressive cells, and high levels of immunosuppressive cytokines and immune checkpoint molecules; the other was the intrinsic immune escape, i.e., loss of tumor antigen expression and tumor antigen-presenting capacity (43). Based on this theoretical framework, we first compared the extrinsic immune escape pattern between the ccRCC phenotypes.

We compared the estimated levels of tumor-infiltrating immune cells in the various ccRCC phenotypes using four immune infiltration quantification tools. CD8+ TILs and Tregs showed higher abundance in aggressive and metastatic ccRCC in both cohorts. Levels of B, natural killer (NK), and CD4+ cells did not change significantly during tumor progression (Figure 5A). However, the estimated levels of macrophages and dendritic cells (DCs) differed too much between cohorts and quantification tools to be assessed. We compared the immune cell levels between localized ccRCC and normal tissue to assess the degree of immune cell infiltration in early ccRCC. The results showed that early ccRCC already showed higher levels of CD8+ TILs, CD4+ TILs, Tregs, NK cells, DCs, and macrophages (Figure 5A). Furthermore, aggressive and metastatic ccRCC had high expression of immunosuppressive molecules, including PDCD1 and LAG-3, which indirectly reflected exhaustion of TILs (Figure 6). Classical immunosuppressive cytokines, including vascular endothelial growth factor (VEGF), transforming growth factor-β (TGF-β), indoleamine 2,3-dioxygenase (IDO), and interleukin (IL)-10, and indicators of effector T-cell killing activity, including GZMB and cytolytic activity, did not change during ccRCC progression (Figure 6). However, aggressive and metastatic ccRCC had high expression levels of CD27, IFNG, and CXCR3 (Figure 6), which were implicated in antitumor immune activation (44, 45).




Figure 5 | The differences in immune cells and immunogenicity indicators among phenotypes of ccRCC derived from binary logistic regression. (A) The differences in immune cells among phenotypes of ccRCC in TCGA and ICGC cohort. (B) The differences in immunogenicity indicators among phenotypes of ccRCC in TCGA cohort. Ref: Reference group.






Figure 6 | Circular plot showing the differences in immunomodulators among phenotypes and between tumor and normal tissue of ccRCC. Outer circle indicates the differences in immunomodulators among phenotypes and between tumor and normal tissue of ccRCC in TCGA cohort derived from univariable binary logistic regression. Middle circle indicates the correlation between the expression of immunomodulators and the corresponding SCNAs derived from Spearman’s analysis. Inner circle indicates the differences in immunomodulators among phenotypes and between tumor and normal tissue of ccRCC in ICGC cohort derived from univariable binary logistic regression. Ref: Reference group.



We next investigated the potential mechanisms of intrinsic immune escape in ccRCC progression. The results showed that CTA score, HRD score, and ITH score in aggressive and metastatic ccRCC were significantly higher than in the other phenotypes, whereas all phenotypes had similar levels of TMB, FGA, and neoantigen (Figure 5B). Of these, only CTA score significantly differed between aggressive and metastatic ccRCC. Corresponding survival analysis showed that ccRCC patients with high CTA scores, HRD scores and ITH scores presented shorter recurrence-free and overall survival time (Figure S3). Moreover, all MHC-related antigen-presenting molecules were similar among the ccRCC phenotypes, a result SCNAs could not explain (Figure 6). We evaluated the correlation between indicators of immunogenicity and extrinsic immune escape to examine whether the high immunogenicity of aggressive and metastatic ccRCC was a contributing factor to immune cell infiltration. Surprisingly, the CTA score, ITH score, and HRD score showed no obvious correlation with immune cell infiltration, antitumor immune activity, or expression of immune checkpoint molecules (Figure S4A).



Biological Processes Associated With the Aggressiveness and Metastasis of ccRCC

The analyses described above have revealed immuno-genomic features associated with ccRCC progression, but differences in the genome and immune microenvironment features between aggressive and metastatic ccRCC were not observed. Towards this end, we investigated differences in biological processes among the ccRCC phenotypes. GSEA showed that genes upregulated in aggressive and metastatic ccRCC were enriched in pathways associated with the immune response (Interferon (IFN)-γ response and allograft rejection) and cell cycle (E2F targets; Figure 7A). Notably, only cell cycle pathways differed significantly between aggressive and metastatic ccRCC. Furthermore, the pathways enriched for genes downregulated in aggressive and metastatic ccRCC in the TCGA cohort were associated with oxidative phosphorylation; however, this was not observed in the ICGC cohort.




Figure 7 | The differential biological processes among phenotypes in ccRCC and correlation of genomic alterations and immune-related indicators. (A) The differences in biological processes among phenotypes of ccRCC derived from GSEA. (B) Boxplot showing the differences in normalized ssGSEA scores of differential biological processes among phenotypes of ccRCC. (C) Correlation of genomic alterations and indicators related to immune escape and biological processes. (D) GSEA plot of the enrichment pathway on genes at 14q associated with immune infiltration score and correlation between leading edge genes with indicators including SCNA levels and expression of HIF1A and HIF2A. (E) GSEA plot of the enrichment pathway on genes at 14q associated with corresponding SCNAs. OXPHOS, Oxidative phosphorylation; EMT, Epithelial-Mesenchymal Transition; Pos, Positive; Neg, Negative; Cor, Correlation coefficient; NES, Normalized Enrichment Score.



We analyzed the correlation between the ssGSEA scores of the above biological processes and indicators related to extrinsic and intrinsic immune escape to explore whether these biological processes were associated with features of the immune microenvironment of ccRCC. Due to the very strong correlation between IFN-γ response pathway and allograft rejection pathway (r = 0.95; Figure S4B), we recalculated the ssGSEA scores after merging their gene sets, named immune infiltration score, and the ssGSEA score of the E2F targets pathway was defined as the cell cycle score. The immune infiltration score well distinguish between localized from non-localized ccRCC and had a significant positive correlation with immune microenvironmental features associated with ccRCC, including infiltration of CD8+ TILs and Tregs, the immunostimulatory factors PDCD1 and LAG-3, and the immunostimulatory factor CD27 (Figure 7B; Figure S4C). The cell cycle scores distinguished between aggressive and metastatic ccRCC but were not correlated with the above extrinsic immune escape features (Figure 7B). Conversely, it had a strong positive correlation with CTA score and HRD score, whereas the immune infiltration score correlated weakly with the immunogenicity indicators (Figure S4C). Since ccRCC progression was accompanied by genomic alterations and dynamic changes of the immune microenvironmental features, we explored the association between genomic alterations and immune infiltration in ccRCC. The results showed that all recurrent or low-frequency differential mutations in ccRCC were not associated with the immune infiltration score and immune microenvironmental features related to ccRCC progression. At the SCNA level, a moderate positive correlation was observed between the immune infiltration score and Del(14q) (r = 0.33), and the cell cycle score showed no obvious correlation with either differential SCNA (all P > 0.05; Figure 7C). Overall, the immune infiltration score reflected the dynamic changes in the immune microenvironment characteristics during ccRCC progression, while the cell cycle score reflected the aggressiveness and metastatic ability of ccRCC.



Genomic Copy Number Alterations as a Driving Factor of Change in the Immune Microenvironment of ccRCC

Integrative multi-omics analysis identified an association between Del(14q) and immune features in ccRCC. Therefore, we further explored the potential mechanisms by which Del(14q) drives changes in the immune microenvironment of ccRCC. The genes mapped to chromosome 14q were selected and ranked according to their correlation with the immune infiltration scores and subsequently subjected to GSEA analysis. The results showed that these genes were only enriched in the VEGFA-VEGFR2 signaling pathway, although it was insignificant (Figure 7D). The alterations in the leading-edge genes’ expression levels in this pathway could be explained by Del(14q), except for HSP90AA1 and RHOJ (Figure 7D). Besides, HIF1A at chromosome 14q and HIF2A at chromosome 2p were thought to be upstream regulators of the VEGFA-VEGFR2 signaling pathway (46, 47). Correlation analysis revealed significant correlations between HIF1A and HIF2A and the leading-edge genes in the VEGFA-VEGFR2 pathway except for HSP90AA1 and RNP (Figure 7D), where HIF1A expression could be explained by Del(14q) (Figure S5A). We divided ccRCC into two groups according to the deletion status of chromosome 14q and performed enrichment analysis for differentially expressed genes between them to further confirm the correlation between Del(14q) and altered ccRCC immune microenvironment. The results showed that most pathways enriched by upregulated genes in the Del(14q) group were associated with the immune response (Figure S5B). Furthermore, the genes mapped to 14q were sorted according to the correlation between their transcription level and the corresponding copy number and subsequently subjected to GSEA analysis. Interestingly, the VEGFA-VEGFR2 signaling pathway was enriched significantly among these genes (Figure 7E). Downregulation of their expression caused by Del(14q) could lead to downregulation of the VEGFA-VEGFR2 pathway. Overall, Del(14q) was potentially involved in driving immune cell infiltration and extrinsic immune escape in ccRCC, possibly through the VEGFA-VEGFR2 signaling pathway.



Cell Cycle Pathways are Associated With Tumor Progression and Response to Immunotherapy in ccRCC

We reassessed whether an association existed between ccRCC progression and the immunotherapeutic response, searching for related novel biological pathways or markers. First, differential gene expression analysis was performed between the CB and NCB groups in the immunotherapy cohort. GSEA analysis showed that the upregulated genes in the CB group were enriched in immune-related pathways (e.g., IL-2-STAT5 signaling, TNF-α signaling via NF-kB, and inflammatory response), while the downregulated genes were mainly enriched in cell proliferation (e.g., E2F targets, G2M checkpoint, MYC targets V1, and mTORC1 signaling) and oxidative phosphorylation pathways (Figures 8A, 9). Subsequently, we extracted the leading-edge genes in each pathway and analyzed the ability of the ssGSEA scores to predict the immunotherapeutic response efficacy of each pathway. The results showed that the IL-2 STAT5 signaling pathway (AUC = 0.92 and 0.77, respectively) and mTORC1 signaling (AUC = 0.86 and 0.80, respectively) had a strong predictive power in the Checkmate 009 and Checkmate 025 cohorts (Figure 8B).




Figure 8 | The biological pathways related to immunotherapeutic response. (A) The differential biological processes between CB group and NCB group of ccRCC in immunotherapy cohort and Zoom-in plot showing leading edge genes of IL-2-STAT5 signaling and E2F targets pathways. (B) ROC curves and corresponding AUC of differential biological processes between CB group and NCB group of ccRCC in Checkmate009 (top) and Checkmate025 (bottom) cohorts. (C) Pearson correlation of ssGSEA scores of biological pathways related to ccRCC progression with those related to immunotherapeutic response. (D) Overlap of the leading genes of E2F targets related to ccRCC progression and those related to immunotherapeutic response, and the hallmark pathways covered by them.






Figure 9 | Volcano plots of differential genes between CB group and NCB group of ccRCC in the immunotherapy cohort. (A) Position in the volcano plot of genes involved in biological pathways upregulated in the NCB group. (B) Position in the volcano plot of genes involved in biological pathways upregulated in the CB group.



These results suggested an association between biological pathways related to ccRCC progression and immunotherapeutic response. Further correlation analysis revealed that the cell cycle score was strongly correlated with the immunotherapeutic response-related E2F targets (r = 0.91) and G2M checkpoint pathway scores (r = 0.97), while the immune infiltration score was moderately correlated with the IL-2-STAT5 signaling pathway score (r = 0.46; Figure 8C). The strong correlation between the cell cycle score and the E2F targets pathway prompted us to analyze the degree of overlap between their gene sets. Six genes were present in both gene sets and, in the hallmark gene set, they were only present in the pathway related to cell proliferation (Figure 8D; Table S9). Further, the ssGSEA score consisting of these six genes was significantly higher in metastatic ccRCC than in non-metastatic ccRCC in both cohorts and higher in the NCB group than the CB group in the immunotherapy cohort (Figure 10A). Additionally, we found no overlapping genes between the immune infiltration score and either immune-related pathway in the immunotherapy cohort (Table S9), which was not associated with ccRCC progression in either cohort (Figures 10B–D).




Figure 10 | Boxplot showing the differences in normalized ssGSEA scores of overlapping genes of E2F targets pathway (A), IL-2-STAT5 signaling pathway (B), inflammatory response pathway (C), and TNF-α signaling via NF-kB pathway (D) between phenotypes in TCGA and ICGC cohorts and between groups in immunotherapy cohort.






Discussion

The current stratified treatment strategy for ccRCC is based primarily on the tumor stage. Although non-metastatic ccRCC could undergo radical resection, the recurrence rate of aggressive ccRCC is much higher than that of localized ccRCC. The treatment outcome and prognosis become dramatically poorer once the ccRCC has invaded nearby tissues and metastasized. Although the ICIs had shifted the therapeutic paradigms for metastatic ccRCC, durable benefit was limited to a small number of patients, and traditional biomarkers did not effectively predict response to ICIs in ccRCC. Therefore, the aim of this study was to reveal the immuno-genomic landscape of ccRCC progression and its association with immunotherapeutic response and prognosis, forming the foundation for developing improved early diagnosis, treatment, and prognosis prediction. As expected, we identified genomic alterations that might drive ccRCC progression and accompanying changes in immune microenvironmental features, and found the potential mechanism by which Del(14q) drives changes in the immune microenvironment of ccRCC and biological pathways associated with immunotherapeutic response.

The occurrence and development of tumors are thought to be driven by somatic genome alterations with key roles in many cellular processes, including cell cycle, apoptosis, and DNA damage repair (39, 48, 49). Previous studies found an association between BAP1 and SETD2 mutations and metastasis and poor prognosis in ccRCC (50–52). However, we only found an association between SETD2 mutations and ccRCC progression in both cohorts rather than just metastasis. We speculate that SETD2 mutations contribute more to the aggressive ability than the distant metastatic ability of ccRCC. Recently, SETD2 mutations were found to promote ccRCC progression through various mechanisms such as cellular autophagy inhibition, DNA repair inhibition, and genomic stability perturbation (53, 54). Previous studies considered Del(14q) and Del(9p) as ccRCC metastasis drivers, while Del(3p) and Amp(5q) initiated ccRCC development (6, 50, 55). This study found that Del(14q), Del(9p21.3), and Del(9p23) were possible progression drivers in ccRCC rather than just metastasis. Likewise, we found that Del(9q) and Del(4q24) were ccRCC progression drivers. Several studies have shown that HIF1A was a cancer suppressor gene at Del(14q) in ccRCC (56, 57). Shen et al. found that Del(14q)-related downregulation of HIF1A promoted renal carcinoma growth on mice tumor xenograft (57). Recent research found that HIF1A preferentially drove ccRCC initiation rather than progression, and it not necessarily was a target on Del(14q) in ccRCC, echoing our findings (58, 59). However, our results should be interpreted with caution as HIF1A transcript levels might be regulated by other factors such as VHL deletion, which diminish the effect of Del(14q) on it (60). We found that CDKN2A and CDKN2B, traditional tumor suppressors at 9p21.3 (61, 62), struggled to act as tumor suppressors in ccRCC with Del(9p21.3). Indeed, CDKN2A overexpression in various tumors had long been noted, and interpreted as a result of dysregulated feedback associated with of the pRb pathway (62). The relationship of CDKN2A and CDKN2B expression with the corresponding SCNA levels seemed to indicate that complex pathways regulated their transcription levels and that their tumor suppressor properties were not evident in ccRCC. MTAP is another tumor suppressor in Del(9p21.3) (63–65). Xu et al. found that MTAP reversed epithelial mesenchymal transition and inhibited migration and invasion of renal cell carcinoma cells (66). Our findings suggested that MTAP was a suitable target for Del(9p21.3) in ccRCC. DAPK1, FBP1, and TSC1 are well-known targets on Del(9q), a SCNA related to ccRCC progression (67–69). We found that these three genes were good targets for Del(9q) in ccRCC as their transcript levels significantly correlated with SCNA levels. Li et al. found that PTPRD deletion on 9p23 was associated with poor prognosis in ccRCC (70). However, PTPRD expression was not associated with SCNA levels or tumor progression in our study. CXXC4 and TET2 at 4q24 also act as tumor suppressors (41, 42). Interestingly, we found them to play a tumor suppressor role in ccRCC even though their expression was influenced by other factors more than SCNAs. Overall, certain tumor suppressor genes, well-known in other cancers, might not play an obvious role in regulating tumor progression in ccRCC.

The immune microenvironment of ccRCC has received considerable attention as increasing evidence suggested that it plays a crucial role in anti-cancer immunity (71). Previous studies have shown that ccRCC were inflammatory tumors accompanied by high infiltration of exhausted CD8+ TILs and immunosuppressive cells (72). We found high infiltration levels of CD8+ TILs and Tregs in early ccRCC, and increasing PDCD1 and LAG-3 levels with ccRCC progression in both cohorts. Braun et al. found that high expression of PDCD1 and LAG-3 on tumor-infiltrating CD8+ T cells in advanced ccRCC by using single-cell sequencing, echoing our above finding (73). High CD8+ TIL levels were associated with a good prognosis in most tumors (9). However, several studies have found that high infiltration of CD8+ TILs and Tregs, and high levels of PDCD1 expression were associated with a poor prognosis in ccRCC, consistent with our findings (74–76). The combination of high exhaustion of TILs, high infiltration of immunosuppressive cells, and high expression of immunosuppressive molecules in aggressive and metastatic ccRCC suggested that ccRCC progression was accompanied by extrinsic immune escape. Functional enrichment analysis in this study indicated that ccRCC progression was accompanied by upregulation of immune-related pathways, including the IFN-γ response and allograft rejection. Several studies have found that IFN-γ response pathway had dual roles in tumor development, with pro- and anti-carcinogenic activities (77). Hakimi et al. observed that upregulation of IFN-γ response pathway in ccRCC was associated with high CD8+ T-cell infiltration and exhaustion (78). The allograft rejection pathway upregulation might be caused by the overlapping genes with ccRCC inflammatory profile and the IFN-γ response pathway (79). The increase in the immunostimulatory factors CD27 and IFNG seems to represent antitumor immunity activation (44). However, whether ccRCC progression is accompanied by antitumor immunity activation needs further investigation. Several studies have indicated that the pathway mediated by CD27 and its ligand CD70 was involved in tumor growth and induction of lymphoid apoptosis (80, 81). CXCR3 promoted T-cell migration to the tumor core (45), and its mediated CXCR3-CXCL10 signaling pathway drove ccRCC metastasis (82). Based on the immune editing theory proposed by Schreiber et al. (43), the unique immunosuppressive microenvironment features of ccRCC were potentially driven by tumor intrinsic factors. Several reviews have suggested that the immunogenicity of tumors was determined by the production of neoepitopes by tumor genome alterations and the presentation of neoantigens (83, 84). Indicators describing genomic alterations and heterogeneity such as TMB, FGA, ITH, CTA, and HRD have been used to measure the immunogenicity of tumors (22, 26–30). However, none of these was related to the immune microenvironmental features of ccRCC. Instead, CTA score and HRD score are related to the upregulation of E2F targets pathway in ccRCC. It should be noted that the possibility that CTA score and HRD score reflect tumor aggressiveness and metastasis rather than immunogenicity in ccRCC was not excluded. Furthermore, we observed no differences in the antigen-presentation processes, which is closely related to tumor immunogenicity, during ccRCC progression, although this finding was only based on the differential expression of antigen-presenting molecules. These findings seem to suggest that ccRCC might evade immune recognition during progression predominantly by extrinsic immune escape mechanism, although we could not exclude bias in the results due to inaccurate assessment of indicators measuring the immunogenicity and antigen presentation of ccRCC.

Several multi-omics studies have suggested that tumor-intrinsic immune regulation could be triggered by certain genomic alterations (24, 85). In this study, only Del(14q) correlated significantly with the immune microenvironment features and immune-related pathways in ccRCC. Del(14q) might drive considerable immune cell infiltration and exogenous immune escape in ccRCC by downregulating the VEGFA-VEGFR2 signaling pathway. Clark et al. found in the CPTAC cohort that the CD8+ inflamed phenotype of ccRCC showed extensive infiltration and exhaustion of CD8+ TILs, was associated with Del(14q), and was accompanied by downregulation of angiogenesis-related signaling pathways as was also observed in the study of Hakimi et al. (78, 86).

Identification of biological features associated with response to immunotherapy could help predict its efficacy and optimize treatment regimens. Unfortunately, indicators used to predict response to ICIs in other cancers, including PD-L1 expression, TMB, and the extent of CD8+ T cell infiltration, did not work in ccRCC (11–13). This could be because pathways associated with immunotherapeutic response and immune infiltration scores associated with ccRCC progression did not overlap, as shown by our functional enrichment analysis. Interestingly, most relevant to immunotherapeutic response are the upregulation of the IL-2 STAT5 signaling pathway and the downregulation of the mTORC1 signaling pathway, both have long been applied in systemic ccRCC treatment. IL-2 therapy promotes the development and killing activity of effector TILs and has been shown to benefit patients with aggressive and metastatic ccRCC (87). The mTORC1 signaling pathway is frequently activated in ccRCC and involved in the proliferation and metabolism of tumor cells (88). mTOR inhibitors are currently used as a recommended second-line regimen for ccRCC (2, 3). Therefore, upregulation of IL-2 STAT5 signaling pathway and downregulation of mTORC1 signaling pathway in the CB group suggested that mTOR inhibitor or IL-2 therapy might help improve the therapeutic response to ICIs, which deserves further research. We further found that the E2F TARGETS pathway was negatively associated with immunotherapeutic response and positively with ccRCC progression. Notably, both the immune features and, at least, the tumor cell proliferation features influenced the response to immunotherapy in ccRCC. Recently, Pabla et al. reported tumor cell proliferation as a factor influencing the response of non-small cell lung cancer to immunotherapy (89). Combined with the recent preliminary results of neoadjuvant immunotherapy for ccRCC (90), we speculate that similar or even better immunotherapy efficacy is achieved in non-metastatic and metastatic ccRCC due to the low proliferation activity of tumor cells in non-metastatic ccRCC. Furthermore, Li et al. described in their recent study that enhanced cell cycle activity in cancer cells lead to immunotherapy resistance and combination of pharmacological inhibition of the cell cycle might help to further improve the response to immunotherapy (91). However, evidence on the correlation between the proliferation ability of ccRCC and immunotherapy response is lacking, which merits more exploration and validation.

Although this study provided a comprehensive description of ccRCC immuno-genomic features and mined for genomic alterations affecting the immune microenvironment of ccRCC and the biological pathways associated with its immunotherapeutic response, the study had some limitations that await improvement. We classified metastatic ccRCC as tumors with T4NanyM0 or TanyNanyM1 following the AJCC staging. However, ccRCC with distant metastases and locally advanced ccRCC have different tumor evolution patterns even though they are both Stage IV tumors, possibly leading to bias in the results (6). The small number of Stage IV ccRCC cases with distant metastases in both cohorts did not allow for a valid separate analysis, which will be refined by expanding the sample size in future studies. Second, all the ccRCC samples included in this study were sampled from a single location, ignoring the intratumoral heterogeneity of ccRCC. We attempted to reduce the inherent bias from tumor heterogeneity by analyzing large-sample multi cohorts. Finally, all the conclusions in this study were drawn from in silico comparative genomics analyses. Experimental and clinical verification is needed to facilitate the clinical translation of the findings.

In conclusion, this study provided important clues to the intrinsic mechanisms driving the progression of ccRCC and associated changes in the immune microenvironment. Moreover, the genomic alterations involved in immune regulation and biological pathways associated with immunotherapeutic responses demonstrated potential clinical value, providing new insights for developing precise therapeutic strategies and efficient prediction protocols for patients with ccRCC.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.



Author Contributions

EL, PZ, YL and YY conceived the idea for the research and wrote the manuscript. EL and CY created the figures. All authors read, edited and approved the manuscript.



Funding

This work was supported by the Science and Technology Project of Guangzhou (grant no. 202002030060), Guangdong Basic and Applied Basic Research Foundation (grant no. 2020A1515011473), and National Natural Science Foundation of China (grant no. 82002528).



Acknowledgments

We appreciate the TCGA and ICGC portal for sharing the dataset publicly as well as the authors who made their supplementary data publicly.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.830220/full#supplementary-material

Supplementary Figure 1 | (A) Kaplan–Meier curves of OS for stages of ccRCC in ICGC cohort. (B) Kaplan–Meier curves of OS for phenotypes of ccRCC in ICGC cohort. (C) Time-dependent area under the ROC curve of stages and phenotypes for the OS in ICGC cohort. (D) Kaplan–Meier curves of OS for stages of KIRP. (E) Kaplan–Meier curves of RFS for stages of KIRP. (F) Kaplan–Meier curves of OS for stages of KICH. (G) Kaplan–Meier curves of RFS for stages of KICH.

Supplementary Figure 2 | (A) Waterfall plot with recurrent and differential mutations among phenotypes of ccRCC (right) and forest plot of the univariate Cox regression analysis of mutations for OS (left) in ICGC cohort. (B) Forest plot of the univariate Cox regression analysis of mutations and SCNAs for OS and RFS in TCGA cohort.

Supplementary Figure 3 | (A) Kaplan–Meier curves for OS of ccRCC with high and low levels of immunogenicity indicators. (B) Kaplan–Meier curves for RFS of ccRCC with high and low levels of immunogenicity indicators

Supplementary Figure 4 | (A) Correlation of immunogenomic indicators with indicators related to extrinsic immune escape. (B) Correlation of ssGSEA scores of the pathways related to ccRCC progression. (C) Correlation of ssGSEA scores of the pathways related to ccRCC progression with indicators related to immune escape.

Supplementary Figure 5 | (A) Boxplot showing the expression differences of HIF1A and HIF2A between Del(14q) and wild-type groups in TCGA cohort. (B) The differences in biological processes between Del(14q) and wild-type groups in TCGA cohort. NES: Normalized enrichment score. OXPHOS, Oxidative phosphorylation; EMT, Epithelial-Mesenchymal Transition; NES, Normalized Enrichment Score.



References

1. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global Cancer Statistics 2018: Globocan Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

2. Powles, T, Albiges, L, Bex, A, Grünwald, V, Porta, C, Procopio, G, et al. Esmo Clinical Practice Guideline Update on the Use of Immunotherapy in Early Stage and Advanced Renal Cell Carcinoma. Ann Oncol (2021) 32(12):1511–19. doi: 10.1016/j.annonc.2021.09.014

3. Motzer, RJ, Jonasch, E, Boyle, S, Carlo, MI, Manley, B, Agarwal, N, et al. Nccn Guidelines Insights: Kidney Cancer, Version 1.2021. J Natl Compr Canc Netw (2020) 18(9):1160–70. doi: 10.6004/jnccn.2020.0043

4. Raimondi, A, Randon, G, Sepe, P, Claps, M, Verzoni, E, De Braud, F, et al. The Evaluation of Response to Immunotherapy in Metastatic Renal Cell Carcinoma: Open Challenges in the Clinical Practice. Int J Mol Sci (2019) 20(17):4263. doi: 10.3390/ijms20174263

5. Sanchez, DJ, and Simon, MC. Genetic and Metabolic Hallmarks of Clear Cell Renal Cell Carcinoma. Biochim Biophys Acta Rev Cancer (2018) 1870(1):23–31. doi: 10.1016/j.bbcan.2018.06.003

6. Turajlic, S, Xu, H, Litchfield, K, Rowan, A, Chambers, T, Lopez, JI, et al. Tracking Cancer Evolution Reveals Constrained Routes to Metastases: Tracerx Renal. Cell (2018) 173(3):581–94.e12. doi: 10.1016/j.cell.2018.03.057

7. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

8. Ock, CY, Keam, B, Kim, S, Lee, JS, Kim, M, Kim, TM, et al. Pan-Cancer Immunogenomic Perspective on the Tumor Microenvironment Based on Pd-L1 and Cd8 T-Cell Infiltration. Clin Cancer Res (2016) 22(9):2261–70. doi: 10.1158/1078-0432.Ccr-15-2834

9. Fridman, WH, Pagès, F, Sautès-Fridman, C, and Galon, J. The Immune Contexture in Human Tumours: Impact on Clinical Outcome. Nat Rev Cancer (2012) 12(4):298–306. doi: 10.1038/nrc3245

10. Davis, AA, and Patel, VG. The Role of Pd-L1 Expression as a Predictive Biomarker: An Analysis of All Us Food and Drug Administration (Fda) Approvals of Immune Checkpoint Inhibitors. J Immunother Cancer (2019) 7(1):278. doi: 10.1186/s40425-019-0768-9

11. Braun, DA, Hou, Y, Bakouny, Z, Ficial, M, Sant' Angelo, M, Forman, J, et al. Interplay of Somatic Alterations and Immune Infiltration Modulates Response to Pd-1 Blockade in Advanced Clear Cell Renal Cell Carcinoma. Nat Med (2020) 26(6):909–18. doi: 10.1038/s41591-020-0839-y

12. Chan, TA, Yarchoan, M, Jaffee, E, Swanton, C, Quezada, SA, Stenzinger, A, et al. Development of Tumor Mutation Burden as an Immunotherapy Biomarker: Utility for the Oncology Clinic. Ann Oncol (2019) 30(1):44–56. doi: 10.1093/annonc/mdy495

13. McGrail, DJ, Pilié, PG, Rashid, NU, Voorwerk, L, Slagter, M, Kok, M, et al. High Tumor Mutation Burden Fails to Predict Immune Checkpoint Blockade Response Across All Cancer Types. Ann Oncol (2021) 32(5):661–72. doi: 10.1016/j.annonc.2021.02.006

14. Mermel, CH, Schumacher, SE, Hill, B, Meyerson, ML, Beroukhim, R, and Getz, G. Gistic2.0 Facilitates Sensitive and Confident Localization of the Targets of Focal Somatic Copy-Number Alteration in Human Cancers. Genome Biol (2011) 12(4):R41. doi: 10.1186/gb-2011-12-4-r41

15. Finotello, F, Mayer, C, Plattner, C, Laschober, G, Rieder, D, Hackl, H, et al. Molecular and Pharmacological Modulators of the Tumor Immune Contexture Revealed by Deconvolution of Rna-Seq Data. Genome Med (2019) 11(1):34. doi: 10.1186/s13073-019-0638-6

16. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating The Population Abundance of Tissue-Infiltrating Immune and Stromal Cell Populations Using Gene Expression. Genome Biol (2016) 17(1):218. doi: 10.1186/s13059-016-1070-5

17. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust Enumeration of Cell Subsets From Tissue Expression Profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

18. Miao, YR, Zhang, Q, Lei, Q, Luo, M, Xie, GY, Wang, H, et al. Immucellai: A Unique Method for Comprehensive T-Cell Subsets Abundance Prediction and Its Application in Cancer Immunotherapy. Adv Sci (Weinh) (2020) 7(7):1902880. doi: 10.1002/advs.201902880

19. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The Immune Landscape of Cancer. Immunity (2018) 48(4):812–30.e14. doi: 10.1016/j.immuni.2018.03.023

20. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-Cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep (2017) 18(1):248–62. doi: 10.1016/j.celrep.2016.12.019

21. Angelova, M, Charoentong, P, Hackl, H, Fischer, ML, Snajder, R, Krogsdam, AM, et al. Characterization of the Immunophenotypes and Antigenomes of Colorectal Cancers Reveals Distinct Tumor Escape Mechanisms and Novel Targets for Immunotherapy. Genome Biol (2015) 16(1):64. doi: 10.1186/s13059-015-0620-6

22. Xiao, Y, Ma, D, Zhao, S, Suo, C, Shi, J, Xue, MZ, et al. Multi-Omics Profiling Reveals Distinct Microenvironment Characterization and Suggests Immune Escape Mechanisms of Triple-Negative Breast Cancer. Clin Cancer Res (2019) 25(16):5002–14. doi: 10.1158/1078-0432.Ccr-18-3524

23. Fehrenbacher, L, Spira, A, Ballinger, M, Kowanetz, M, Vansteenkiste, J, Mazieres, J, et al. Atezolizumab Versus Docetaxel for Patients With Previously Treated Non-Small-Cell Lung Cancer (Poplar): A Multicentre, Open-Label, Phase 2 Randomised Controlled Trial. Lancet (2016) 387(10030):1837–46. doi: 10.1016/s0140-6736(16)00587-0

24. Jia, Q, Wu, W, Wang, Y, Alexander, PB, Sun, C, Gong, Z, et al. Local Mutational Diversity Drives Intratumoral Immune Heterogeneity in Non-Small Cell Lung Cancer. Nat Commun (2018) 9(1):5361. doi: 10.1038/s41467-018-07767-w

25. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and Genetic Properties of Tumors Associated With Local Immune Cytolytic Activity. Cell (2015) 160(1-2):48–61. doi: 10.1016/j.cell.2014.12.033

26. Kakoti, S, Sato, H, Laskar, S, Yasuhara, T, and Shibata, A. DNA Repair and Signaling in Immune-Related Cancer Therapy. Front Mol Biosci (2020) 7:205. doi: 10.3389/fmolb.2020.00205

27. Huang, TX, and Fu, L. The Immune Landscape of Esophageal Cancer. Cancer Commun (Lond) (2019) 39(1):79. doi: 10.1186/s40880-019-0427-z

28. Turajlic, S, Litchfield, K, Xu, H, Rosenthal, R, McGranahan, N, Reading, JL, et al. Insertion-And-Deletion-Derived Tumour-Specific Neoantigens and the Immunogenic Phenotype: A Pan-Cancer Analysis. Lancet Oncol (2017) 18(8):1009–21. doi: 10.1016/s1470-2045(17)30516-8

29. McGranahan, N, Furness, AJ, Rosenthal, R, Ramskov, S, Lyngaa, R, Saini, SK, et al. Clonal Neoantigens Elicit T Cell Immunoreactivity and Sensitivity to Immune Checkpoint Blockade. Science (2016) 351(6280):1463–9. doi: 10.1126/science.aaf1490

30. Strickler, JH, Hanks, BA, and Khasraw, M. Tumor Mutational Burden as a Predictor of Immunotherapy Response: Is More Always Better? Clin Cancer Res (2021) 27(5):1236–41. doi: 10.1158/1078-0432.Ccr-20-3054

31. Miranda, A, Hamilton, PT, Zhang, AW, Pattnaik, S, Becht, E, Mezheyeuski, A, et al. Cancer Stemness, Intratumoral Heterogeneity, and Immune Response Across Cancers. Proc Natl Acad Sci U.S.A. (2019) 116(18):9020–9. doi: 10.1073/pnas.1818210116

32. Hänzelmann, S, Castelo, R, and Guinney, J. Gsva: Gene Set Variation Analysis for Microarray and Rna-Seq Data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

33. Love, MI, Huber, W, and Anders, S. Moderated Estimation of Fold Change and Dispersion for Rna-Seq Data With Deseq2. Genome Biol (2014) 15(12):550. doi: 10.1186/s13059-014-0550-8

34. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma Powers Differential Expression Analyses for Rna-Sequencing and Microarray Studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

35. Wu, T, Hu, E, Xu, S, Chen, M, Guo, P, Dai, Z, et al. Clusterprofiler 4.0: A Universal Enrichment Tool for Interpreting Omics Data. Innovation (N Y) (2021) 2(3):100141. doi: 10.1016/j.xinn.2021.100141

36. Blanche, P, Dartigues, J-F, and Jacqmin-Gadda, H. Estimating and Comparing Time-Dependent Areas Under Receiver Operating Characteristic Curves for Censored Event Times With Competing Risks. Stat Med (2013) 32(30):5381–97. doi: 10.1002/sim.5958

37. Gu, Z, Gu, L, Eils, R, Schlesner, M, and Brors, B. Circlize Implements and Enhances Circular Visualization in R. Bioinformatics (2014) 30(19):2811–2. doi: 10.1093/bioinformatics/btu393

38. Hanahan, D, and Weinberg, RA. Hallmarks of Cancer: The Next Generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

39. Vogelstein, B, Papadopoulos, N, Velculescu, VE, Zhou, S, Diaz, LA Jr., and Kinzler, KW. Cancer Genome Landscapes. Science (2013) 339(6127):1546–58. doi: 10.1126/science.1235122

40. Bailey, MH, Tokheim, C, Porta-Pardo, E, Sengupta, S, Bertrand, D, Weerasinghe, A, et al. Comprehensive Characterization of Cancer Driver Genes and Mutations. Cell (2018) 173(2):371–85.e18. doi: 10.1016/j.cell.2018.02.060

41. Kojima, T, Shimazui, T, Hinotsu, S, Joraku, A, Oikawa, T, Kawai, K, et al. Decreased Expression of Cxxc4 Promotes a Malignant Phenotype in Renal Cell Carcinoma by Activating Wnt Signaling. Oncogene (2009) 28(2):297–305. doi: 10.1038/onc.2008.391

42. Xu, YP, Lv, L, Liu, Y, Smith, MD, Li, WC, Tan, XM, et al. Tumor Suppressor Tet2 Promotes Cancer Immunity and Immunotherapy Efficacy. J Clin Invest (2019) 129(10):4316–31. doi: 10.1172/jci129317

43. Schreiber, RD, Old, LJ, and Smyth, MJ. Cancer Immunoediting: Integrating Immunity's Roles in Cancer Suppression and Promotion. Science (2011) 331(6024):1565–70. doi: 10.1126/science.1203486

44. Turaj, AH, Hussain, K, Cox, KL, Rose-Zerilli, MJJ, Testa, J, Dahal, LN, et al. Antibody Tumor Targeting Is Enhanced by Cd27 Agonists Through Myeloid Recruitment. Cancer Cell (2017) 32(6):777–91.e6. doi: 10.1016/j.ccell.2017.11.001

45. Nagarsheth, N, Wicha, MS, and Zou, W. Chemokines in the Cancer Microenvironment and Their Relevance in Cancer Immunotherapy. Nat Rev Immunol (2017) 17(9):559–72. doi: 10.1038/nri.2017.49

46. Jayson, GC, Kerbel, R, Ellis, LM, and Harris, AL. Antiangiogenic Therapy in Oncology: Current Status and Future Directions. Lancet (2016) 388(10043):518–29. doi: 10.1016/s0140-6736(15)01088-0

47. Carmeliet, P, and Jain, RK. Molecular Mechanisms and Clinical Applications of Angiogenesis. Nature (2011) 473(7347):298–307. doi: 10.1038/nature10144

48. Bell, DW. Our Changing View of the Genomic Landscape of Cancer. J Pathol (2010) 220(2):231–43. doi: 10.1002/path.2645

49. Beroukhim, R, Mermel, CH, Porter, D, Wei, G, Raychaudhuri, S, Donovan, J, et al. The Landscape of Somatic Copy-Number Alteration Across Human Cancers. Nature (2010) 463(7283):899–905. doi: 10.1038/nature08822

50. Sato, Y, Yoshizato, T, Shiraishi, Y, Maekawa, S, Okuno, Y, Kamura, T, et al. Integrated Molecular Analysis of Clear-Cell Renal Cell Carcinoma. Nat Genet (2013) 45(8):860–7. doi: 10.1038/ng.2699

51. Hakimi, AA, Mano, R, Ciriello, G, Gonen, M, Mikkilineni, N, Sfakianos, JP, et al. Impact of Recurrent Copy Number Alterations and Cancer Gene Mutations on the Predictive Accuracy of Prognostic Models in Clear Cell Renal Cell Carcinoma. J Urol (2014) 192(1):24–9. doi: 10.1016/j.juro.2014.01.088

52. Gu, YF, Cohn, S, Christie, A, McKenzie, T, Wolff, N, Do, QN, et al. Modeling Renal Cell Carcinoma in Mice: Bap1 and Pbrm1 Inactivation Drive Tumor Grade. Cancer Discovery (2017) 7(8):900–17. doi: 10.1158/2159-8290.Cd-17-0292

53. Li, L, Miao, W, Huang, M, Williams, P, and Wang, Y. Integrated Genomic and Proteomic Analyses Reveal Novel Mechanisms of the Methyltransferase Setd2 in Renal Cell Carcinoma Development. Mol Cell Proteomics (2019) 18(3):437–47. doi: 10.1074/mcp.RA118.000957

54. González-Rodríguez, P, Engskog-Vlachos, P, Zhang, H, Murgoci, AN, Zerdes, I, and Joseph, B. Setd2 Mutation in Renal Clear Cell Carcinoma Suppress Autophagy Via Regulation of Atg12. Cell Death Dis (2020) 11(1):69. doi: 10.1038/s41419-020-2266-x

55. Turajlic, S, Xu, H, Litchfield, K, Rowan, A, Horswell, S, Chambers, T, et al. Deterministic Evolutionary Trajectories Influence Primary Tumor Growth: Tracerx Renal. Cell (2018) 173(3):595–610.e11. doi: 10.1016/j.cell.2018.03.043

56. Monzon, FA, Alvarez, K, Peterson, L, Truong, L, Amato, RJ, Hernandez-McClain, J, et al. Chromosome 14q Loss Defines a Molecular Subtype of Clear-Cell Renal Cell Carcinoma Associated With Poor Prognosis. Mod Pathol (2011) 24(11):1470–9. doi: 10.1038/modpathol.2011.107

57. Shen, C, Beroukhim, R, Schumacher, SE, Zhou, J, Chang, M, Signoretti, S, et al. Genetic and Functional Studies Implicate Hif1α as a 14q Kidney Cancer Suppressor Gene. Cancer Discovery (2011) 1(3):222–35. doi: 10.1158/2159-8290.Cd-11-0098

58. Hoefflin, R, Harlander, S, Schäfer, S, Metzger, P, Kuo, F, Schönenberger, D, et al. Hif-1α and Hif-2α Differently Regulate Tumour Development and Inflammation of Clear Cell Renal Cell Carcinoma in Mice. Nat Commun (2020) 11(1):4111. doi: 10.1038/s41467-020-17873-3

59. Shenoy, N. Hif1α Is Not a Target of 14q Deletion in Clear Cell Renal Cancer. Sci Rep (2020) 10(1):17642. doi: 10.1038/s41598-020-74631-7

60. Maranchie, JK, Vasselli, JR, Riss, J, Bonifacino, JS, Linehan, WM, and Klausner, RD. The Contribution of Vhl Substrate Binding and Hif1-Alpha to the Phenotype of Vhl Loss in Renal Cell Carcinoma. Cancer Cell (2002) 1(3):247–55. doi: 10.1016/s1535-6108(02)00044-2

61. Xia, Y, Liu, Y, Yang, C, Simeone, DM, Sun, TT, DeGraff, DJ, et al. Dominant Role of Cdkn2b/P15ink4b of 9p21.3 Tumor Suppressor Hub in Inhibition of Cell-Cycle and Glycolysis. Nat Commun (2021) 12(1):2047. doi: 10.1038/s41467-021-22327-5

62. Romagosa, C, Simonetti, S, López-Vicente, L, Mazo, A, Lleonart, ME, Castellvi, J, et al. P16(Ink4a) Overexpression in Cancer: A Tumor Suppressor Gene Associated With Senescence and High-Grade Tumors. Oncogene (2011) 30(18):2087–97. doi: 10.1038/onc.2010.614

63. Marjon, K, Cameron, MJ, Quang, P, Clasquin, MF, Mandley, E, Kunii, K, et al. Mtap Deletions in Cancer Create Vulnerability to Targeting of the Mat2a/Prmt5/Riok1 Axis. Cell Rep (2016) 15(3):574–87. doi: 10.1016/j.celrep.2016.03.043

64. Spiliopoulou, P, Yang, SYC, Bruce, JP, Wang, BX, Berman, HK, Pugh, TJ, et al. All Is Not Lost: Learning From 9p21 Loss in Cancer. Trends Immunol (2022) 43(5):379–90. doi: 10.1016/j.it.2022.03.003

65. Alhalabi, O, Chen, J, Zhang, Y, Lu, Y, Wang, Q, Ramachandran, S, et al. Mtap Deficiency Creates an Exploitable Target for Antifolate Therapy in 9p21-Loss Cancers. Nat Commun (2022) 13(1):1797. doi: 10.1038/s41467-022-29397-z

66. Xu, J, Chang, WH, Fong, LWR, Weiss, RH, Yu, SL, and Chen, CH. Targeting the Insulin-Like Growth Factor-1 Receptor in Mtap-Deficient Renal Cell Carcinoma. Signal Transduct Target Ther (2019) 4:2. doi: 10.1038/s41392-019-0035-z

67. Raveh, T, Droguett, G, Horwitz, MS, DePinho, RA, and Kimchi, A. Dap Kinase Activates a P19arf/P53-Mediated Apoptotic Checkpoint to Suppress Oncogenic Transformation. Nat Cell Biol (2001) 3(1):1–7. doi: 10.1038/35050500

68. Li, B, Qiu, B, Lee, DS, Walton, ZE, Ochocki, JD, Mathew, LK, et al. Fructose-1,6-Bisphosphatase Opposes Renal Carcinoma Progression. Nature (2014) 513(7517):251–5. doi: 10.1038/nature13557

69. Kang, YJ, Lu, MK, and Guan, KL. The Tsc1 and Tsc2 Tumor Suppressors Are Required for Proper Er Stress Response and Protect Cells From Er Stress-Induced Apoptosis. Cell Death Differ (2011) 18(1):133–44. doi: 10.1038/cdd.2010.82

70. Li, X, Tan, X, Yu, Y, Chen, H, Chang, W, Hou, J, et al. D9s168 Microsatellite Alteration Predicts a Poor Prognosis in Patients With Clear Cell Renal Cell Carcinoma and Correlates With the Down-Regulation of Protein Tyrosine Phosphatase Receptor Delta. Cancer (2011) 117(18):4201–11. doi: 10.1002/cncr.26028

71. Tang, T, Huang, X, Zhang, G, Hong, Z, Bai, X, and Liang, T. Advantages of Targeting the Tumor Immune Microenvironment Over Blocking Immune Checkpoint in Cancer Immunotherapy. Signal Transduct Target Ther (2021) 6(1):72. doi: 10.1038/s41392-020-00449-4

72. Lin, E, Liu, X, Liu, Y, Zhang, Z, Xie, L, Tian, K, et al. Roles of the Dynamic Tumor Immune Microenvironment in the Individualized Treatment of Advanced Clear Cell Renal Cell Carcinoma. Front Immunol (2021) 12:567. doi: 10.3389/fimmu.2021.653358

73. Braun, DA, Street, K, Burke, KP, Cookmeyer, DL, Denize, T, Pedersen, CB, et al. Progressive Immune Dysfunction With Advancing Disease Stage in Renal Cell Carcinoma. Cancer Cell (2021) 39(5):632–48.e8. doi: 10.1016/j.ccell.2021.02.013

74. Liotta, F, Gacci, M, Frosali, F, Querci, V, Vittori, G, Lapini, A, et al. Frequency of Regulatory T Cells in Peripheral Blood and in Tumour-Infiltrating Lymphocytes Correlates With Poor Prognosis in Renal Cell Carcinoma. BJU Int (2011) 107(9):1500–6. doi: 10.1111/j.1464-410X.2010.09555.x

75. Giraldo, NA, Becht, E, Pagès, F, Skliris, G, Verkarre, V, Vano, Y, et al. Orchestration and Prognostic Significance of Immune Checkpoints in the Microenvironment of Primary and Metastatic Renal Cell Cancer. Clin Cancer Res (2015) 21(13):3031–40. doi: 10.1158/1078-0432.Ccr-14-2926

76. Zelba, H, Bedke, J, Hennenlotter, J, Mostböck, S, Zettl, M, Zichner, T, et al. Pd-1 and Lag-3 Dominate Checkpoint Receptor-Mediated T-Cell Inhibition in Renal Cell Carcinoma. Cancer Immunol Res (2019) 7(11):1891–9. doi: 10.1158/2326-6066.Cir-19-0146

77. Castro, F, Cardoso, AP, Gonçalves, RM, Serre, K, and Oliveira, MJ. Interferon-Gamma at the Crossroads of Tumor Immune Surveillance or Evasion. Front Immunol (2018) 9:847(847). doi: 10.3389/fimmu.2018.00847

78. Şenbabaoğlu, Y, Gejman, RS, Winer, AG, Liu, M, Van Allen, EM, de Velasco, G, et al. Tumor Immune Microenvironment Characterization in Clear Cell Renal Cell Carcinoma Identifies Prognostic and Immunotherapeutically Relevant Messenger Rna Signatures. Genome Biol (2016) 17(1):231. doi: 10.1186/s13059-016-1092-z

79. Spivey, TL, Uccellini, L, Ascierto, ML, Zoppoli, G, De Giorgi, V, Delogu, LG, et al. Gene Expression Profiling in Acute Allograft Rejection: Challenging the Immunologic Constant of Rejection Hypothesis. J Transl Med (2011) 9:174. doi: 10.1186/1479-5876-9-174

80. Diegmann, J, Junker, K, Loncarevic, IF, Michel, S, Schimmel, B, and von Eggeling, F. Immune Escape for Renal Cell Carcinoma: Cd70 Mediates Apoptosis in Lymphocytes. Neoplasia (2006) 8(11):933–8. doi: 10.1593/neo.06451

81. Claus, C, Riether, C, Schürch, C, Matter, MS, Hilmenyuk, T, and Ochsenbein, AF. Cd27 Signaling Increases the Frequency of Regulatory T Cells and Promotes Tumor Growth. Cancer Res (2012) 72(14):3664–76. doi: 10.1158/0008-5472.Can-11-2791

82. Wightman, SC, Uppal, A, Pitroda, SP, Ganai, S, Burnette, B, Stack, M, et al. Oncogenic Cxcl10 Signalling Drives Metastasis Development and Poor Clinical Outcome. Br J Cancer (2015) 113(2):327–35. doi: 10.1038/bjc.2015.193

83. Jhunjhunwala, S, Hammer, C, and Delamarre, L. Antigen Presentation in Cancer: Insights Into Tumour Immunogenicity and Immune Evasion. Nat Rev Cancer (2021) 21(5):298–312. doi: 10.1038/s41568-021-00339-z

84. Blankenstein, T, Coulie, PG, Gilboa, E, and Jaffee, EM. The Determinants of Tumour Immunogenicity. Nat Rev Cancer (2012) 12(4):307–13. doi: 10.1038/nrc3246

85. Rosenthal, R, Cadieux, EL, Salgado, R, Bakir, MA, Moore, DA, Hiley, CT, et al. Neoantigen-Directed Immune Escape in Lung Cancer Evolution. Nature (2019) 567(7749):479–85. doi: 10.1038/s41586-019-1032-7

86. Clark, DJ, Dhanasekaran, SM, Petralia, F, Pan, J, Song, X, Hu, Y, et al. Integrated Proteogenomic Characterization of Clear Cell Renal Cell Carcinoma. Cell (2019) 179(4):964–83.e31. doi: 10.1016/j.cell.2019.10.007

87. Pipkin, ME, Sacks, JA, Cruz-Guilloty, F, Lichtenheld, MG, Bevan, MJ, and Rao, A. Interleukin-2 and Inflammation Induce Distinct Transcriptional Programs That Promote the Differentiation of Effector Cytolytic T Cells. Immunity (2010) 32(1):79–90. doi: 10.1016/j.immuni.2009.11.012

88. Battelli, C, and Cho, DC. Mtor Inhibitors in Renal Cell Carcinoma. Therapy (2011) 8(4):359–67. doi: 10.2217/thy.11.32

89. Pabla, S, Conroy, JM, Nesline, MK, Glenn, ST, Papanicolau-Sengos, A, Burgher, B, et al. Proliferative Potential and Resistance to Immune Checkpoint Blockade in Lung Cancer Patients. J Immunother Cancer (2019) 7(1):27. doi: 10.1186/s40425-019-0506-3

90. Carlo, MI, Attalla, K, Patil, S, Murray, SJ, Chen, Y-B, Kotecha, R, et al. A Pilot Study of Preoperative Nivolumab in High-Risk Nonmetastatic Renal Cell Carcinoma. J Clin Oncol (2021) 39(6_suppl):323. doi: 10.1200/JCO.2021.39.6_suppl.323

91. Li, J, and Stanger, BZ. Cell Cycle Regulation Meets Tumor Immunosuppression. Trends Immunol (2020) 41(10):859–63. doi: 10.1016/j.it.2020.07.010




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.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Lin, Zhu, Ye, Huang, Liu, Tian, Tang, Zeng, Cheng, Liu, Liu and Yu. 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.


OEBPS/Images/fimmu-13-830220-g004.jpg
vs.Normal SCNA vs. TCGA 1CGC
SCNA Frequency

Influenced by SCNAs
. Strong Weak X Not Applicable

SCNA Frequency (Ref.)  Wild-type (Ref.)  Cohort ~ Cohort Gene properties
e -
CXXC4 ¢ X 0 02 04 06
Del(4q24) L
| TET2 | |n Point-biserial Correlation
Del(9023) | pPTPRD n n ? 0 -0.8
MTAP » n- l . P value
Del(9p21.3) | cDKN2A >< <005 [<0.001

CDKN2B H
DAPK1 H
Del(9q) FBP1 n

TSC1

Association with ccRCC progression
[ strong | Weak X NotApplicable

El

N - T

=
O
=
O
X
X
m-
H X
]
=

Basal expression levels
Low | Medium [ High

Del(14q) |  HIF1A

pazijeoo .
oAISsaIbby ..
S * [ x|
dnoub YNOS n

pazi|esoT]
aAIssalbby

sadAjouayd ||y





OEBPS/Images/fimmu-13-830220-g010.jpg
A E2F Targets (Overlapping genes)
1.00 0
1%}
I
o
o
® 075
& l
»
2 0s0
2]
hel
I
® 0.25 [
E
o
z .
0.00 .
Immunotherapy TCGA Cohort ICGC Cohort
Cohort
(o Inflammatory Response
- xk .
[
o
o
o
® 075
ni
7}
2 050
2]
o
[
N
T 025
: T T
o
z
0.00

Immunotherapy TCGA Cohort ICGC Cohort

Cohort

Normalized ssGSEA scores

o

Normalized ssGSEA scores

IL-2-STATS Signaling

1.00 S :
0.75{ L L L i
0.50 T T !
0.25{ T F
0.00 . s

Immunotherapy TCGA Cohort ICGC Cohort

Cohort
TNF-a Signaling via NF-kB

Iy
oy 1 o

Immunotherapy TCGA Cohort
Cohort

ICGC Cohort

Clinical benefit

No clinical benefit

~ Localized

| Aggressive

I Metastatic

*P<0.1

* P<0.05

*% P<0.01

*%% P<0.001





OEBPS/Images/fimmu-13-830220-g002.jpg
TCGA Cohort

Localized

C

Gender

L%

Female

~ Male

B

A — Mutations linked to tumor progression
A — Driver Mutations

O — Recurrent or Differential

mutations

— Other mutations

2
%,
%

Laterality | Left  Right
AJCC staging | Stage! = Stagel!l [l Stagelll [l Stage IV

Localized L%

Grade | G1-2 [1]G3 [l G4

<Geerctor )00 RO R 0
Waterality 11100000001 OO O 0T ORI A
Grace 1000000 A0 O 00O OO0 AR A AT
AJCCsteging ][} 1 01 0100000 T
I 0000 - IR 5% 45% 75%

Phenotype

ICGC Cohort

NA
Phenotype [li] Localized | | Aggressive [l Metastatic

VHL M [ TEED
permr [ 1] (M 1) [ 410w
seroz ||| [/ GG | [ 1e9%

I | [ Il | [ re%

BAP1 ] | [} PAIHAD S T | [ 5%
wors | ||| T o
csua || | 0 oo
uror QT [ Jors
2FHX4 | I TIEA |36%

RYR3 | [51%

PTEN | 11 Ul [41%

Del(3p) 1Ll OO T AT | N 3.1%
Amp(sq) | || [/ ||lll |]lll|||||| [T TEEIT 1A lIIIII (LTI | . 56.4%
Del(14q) || || || [ M QT DO WL QML T T e —" 477

Del(9q) | |11 | || || il 10117 11N U0 CEE T L313%

Del(@p213) | ||| || | || | OO0 101 T 111 1 U0 T O ] 34.0%
Delop23) [[[| || I [l | I (AT (WY T WETTIE T T | ] 344%
Del(4a24) | | | I | I | 1111 [T AN ll154‘*%

SCNA Type [l Deletion = Loss | Gain ] Amplification

Mutation Type | Deletion [ Insertion [l Multi Hit | Single nucleotide Substitution

T T T T 1
20% 60% 100%





OEBPS/Images/fimmu-13-830220-g001.jpg
B E
— Stage | — Stage Il — Stage Ill — Stage IV — Localized — Aggressive — Metastatic Overall Survival
1.004 1.004 o — ccRCC-Phenotype  — KIRP-Stage
= 2z & | — coRCC-Stage — KICH-Stage
8 2 o7
8 0.754 8 0.75 -
o [ -
o & o
-g 0501 ===m===== 2 050{ ~--g--=-=-% S ~
g ' g ' < o7
n ' @a [
p ] [ pule ] ]
S .25 ' T 0.254 ' 7]
ﬂ>) 1 L g) 1 Ll
o) 1 1 Ie) 1 1 [
P <0!0001 : P < 0.0001 ' o
0.00 i ' 000 ! 1
- T T P i T T T -~ o | T T T T
0 1000 2000 3000 4000 0 1000 2000 3000 4000 365 730 1095 1460 1825
Days Days Days
(] D F
s = Stage | — Stage Il — Stage Ill — Stage IV 5 Localized — Aggressive — Metastatic Recurrence-Free Survival
= Z 1.009 7 — ceRCC-Phenotype  — KIRP-Stage
8 8 —— ccRCC-Stage — KICH-Stage
8 2
o o
g E 0.754
o 2
@ @ 050 8
8 g ! 2
g & ey 1 1
1 1 1 1 1
8 ' 8 02571 1 '
c 1 c 1 1
g 1 L 1 '
3 P 3 P<0.0001 ¥
2 0004 ' . 2 0.00 . 2
0 1000 2000 3000 4000 0 1000 2000 3000 4000 365 730 1095 1460 1825
Days Days Days
G
Variables Hazard Ratio (Overall Survival) Hazard Ratio (Recurrence-Free Survival)

Phenotype, n (%) ;(;Zarz:v?ef) 1;2 gg)) '_"":
Metastatic 84 (24) ’—’—"
Grade, n (%) o 82; 9
Ge 69 (20) F‘_"_’_'
+ P>005
Laterality, n (%) ;Té:fe” i Ei;; ; ﬁig.g?
Age, Mean + SD 61.71+11.7 ’ P=0:001

@ Univariate Cox regression

Female (Ref.) 125 (36) - .
Gender, n (%) @ Multivariate Cox regression

Male 223 (64)

0o 1 4 8 9 01 10 25





OEBPS/Images/fimmu-13-830220-g007.jpg
Mutations

Gene ranks

A B
] Positive Relative Enrichment [ Negative Relative Enrichment : " 3
NES 3 B0 A s 40 1 2 3 4 | Localized || Aggressive [l Metastatic
IFN-a Response == — o . 2k
\ \
Inflammatory Response — [——1 . P 1.00
IFN-y Response [==z=] i . Lo7s
Allograft Rejection ! — — TCGA = . 4
OXPHOS | Cohort T L B foso 5
EMT ——— —— | L [ g
G2M Checkpoint : — - : T T F0.25 5
E2F Targets Itm— i P 000 &3
17
Metastatic vs Aggressive vs Metastatic vs IFN-y Allograft  Immure Infiltration  E2F Targets &
Aggressive (Ref.) Localized (Ref.) Localized (Ref.) Response Rejection Score (Cell Cycle Score) B
N
IFN-a Response ! — ©
i . 1.00 E
Inflammatory Response | 5
IFN-y Response . — - 075 z
Allograft Rejection ! 1 ICGC L L ]
OXPHOS i ] Cohort 5% toso
EMT : -
G2M Checkpoint ! ; 028
E2F Targets !
¢ "'-n 5 T <g = = = " £ o0
Adjust P value sS85 § 8§ § sg8 8 *P<01 *P<005 *%xP<001 %%*P<0001
v 9 v\ D
) ==
s & SABanlS LT T T T T T
JEEfzSECEEES EEERER W) e
C SPIHE 88888838 JHE EEEED R et
CD8" T cell TN - I @ QX323
$az3e38¢gs £ Correlation
u TIEREET RS U,
Immune cells B cell ‘§ % & " Ad;‘ . <°0 o
- us X
(Cibersort) Macrophage cell :
4 VEGFA-VEGFR2
[ | NK cell § Signaling Pathway o
[ ] PDCD1 Zos
o
| LAG3 g - .
[ ] CXCR3 203 P=0.158
Immunomodulators ] cp27 s o e
& Cytolytic activity = .
GzMB £ o1
IFNG Soo
Correlation
- = L | cYT 0 200 400 600 800
-04 -02 0 02 04 ™8 Gene ranks
. Immune Infiltration Score
* Adjust P<0.05
s | | SNV Neoantigens E (Neg Cor. - Pos Cor.)
Indel Neoantigens VEGFA-VEGFR2 04 00 -04 -08
Immunogenicity L | FGA @  Signaling Pathway 05 03 01 -01 -03
CTA score 8os sres4 (Pos Cor. - Neg Cor)
= Del(14q)
HRD score 5
£ 04 R
B ITH score £ NES =14
2 P=0.031
. IFN-y Response $ 024 R0
jecti = e
Biology pathway . - . . Allograft Rejection E K
| ] Immune Infiltration score ~ € 00
] L] Cell Cycle score © 0 200 400 600





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integrative Analysis of the Genomic and Immune Microenvironment Characteristics Associated With Clear Cell Renal Cell Carcinoma Progression: Implications for Prognosis and Immunotherapy

      

        		

          Introduction

        



        		

          Methods

        

          		

            Patient Cohorts and Data Preprocessing

          



          		

            Prognostic Correlation With Tumor Phenotypes

          



          		

            Comparison of Mutations Among Phenotypes

          



          		

            Comparison of SCNAs Among Phenotypes

          



          		

            Analysis of the Association Between SCNAs and Target Gene Transcription

          



          		

            Quantification of Microenvironment Cell Abundance and Immunomodulators

          



          		

            Calculation of the Immunogenicity Indicators

          



          		

            Differential Expression and Functional Enrichment Analysis

          



          		

            Statistical Analysis and Data Visualization

          



        



        



        		

          Results

        

          		

            Aggressiveness and Metastasis are Independent Risk Factors for Mortality and Recurrence of ccRCC

          



          		

            Distinct Genomic Alteration Landscapes Drive ccRCC Progression

          



          		

            Dynamic Changes in the Patterns of Immune Escape During ccRCC Progression

          



          		

            Biological Processes Associated With the Aggressiveness and Metastasis of ccRCC

          



          		

            Genomic Copy Number Alterations as a Driving Factor of Change in the Immune Microenvironment of ccRCC

          



          		

            Cell Cycle Pathways are Associated With Tumor Progression and Response to Immunotherapy in ccRCC

          



        



        



        		

          Discussion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-830220-g009.jpg
® E2F Targets

® Oxidative Phosphorylation

® MYC Targets V1

® MTORCH1 Signaling

NCB « | —CB NCB « | —CB NCB + | —»CB NCB +— | —CB
44 ! 44 IDH3G | 44 ' 44 \
i i 1 i
= CKs2 | - ATPBVOE1, \NOUFS4  MRPS15 - norre | o | popu,  TUBA®A
S 34 GINS3 | OHEKT S 34 1scat, | /MRPS22-UQCRQ | 3 31 ° RACK1 83 NbFIP1. M
[ \ [ [} [
S £2¢8. g PDLD3 12050 S | AteviF. ,)coxn NoUFsoPVaLT | NMET, SSBB{  G3BP1 > GAPDH TOMM40
[ Wg _ RAD1 o f &, | o h VDAC1 o |PoLrG \ INSiGT
& 2 MAD2L1 = S 21 MpC1 3 VDAC1 GPI 524 \ _ SFaB3 324 GLfasmm-\ 6P Ssri - LDLR
8 |Aurks- !W/E A L 8 | MRPLADHA {TLDHBNDUFBNDUFAS | & | PSMD ' cgrg 444444 g | ITL 17, 2.
" 14 BIRC5 D/APH.%\K PPMID P <0.05| " 1{ rmmi7a ToMM7ESD17870-ROUEBE | 1 LDHA AP3: /lﬁ{ﬂ “psmMcP <005| T 4] A P<005
\PAICS OX7B " / v IFV2 h PRDX3 HDDC2 /L/A X *PPIA PPA /rPIi\ Sl
sPC25 COX78 NoU ’X M1 canx ! 'PPiA
04 z 04 NDUFB3| " NDUFA2 04 TOMM70 ' PRDX3 04
T . T v T v T + T v v . T
0.1 0.0 0.1 0.2 0.1 0.0 0.1 0.2 01 00 0.1 0.2 0.1 (10 0.1 0.2
log(Fold Change) log(Fold Change) log(Fold Change) log(Fold Change)
© |L-2-STATS5 Signaling ' G2M Checkpoint © Inflammatory Response ©® TNF-a Signaling via NF-kB
NCB « | =»CB NCB« | —cCB NCB + | =+ CB NCB <+ ' —CB
| IL4R ! IL4R !
4 i 4 1 4 1 4 i
A | = | - | CSF3 _ {
8 34 serPINCT  PRKCH EE) | EE] ! b 33 ! PTGERd
S oy S CKS2 .CHEK1 S tl§ e [ ‘
o [ RAD54L‘ Toxe” ol [ PTGERY  rasz o R KLH |EGR3
S2 = S2 LDLR: " __SELE S2
2 gx MAD2LT iy cper 2 opRKy POPN 2 LDLR\, Gos2
- -  TAUR Esz """""""" N s N pRroRo< 0.0¢ - ~ kiF2 NRIAT T
1 HMGN2 P < 0.05 1 ioxoLg " PROR2< 0.05 1 ung’ P <P 95
R
sircs’ cnf:s ! cappess] ECR2
0 ! 0 ! 0 ! 0 !
T T T T T T T T T T T T T y T T
0.1 00 0.1 0.2 0.1 0.0 0.1 0.2 0.1 00 0.1 0.2 01 00 0.1 0.2
log(Fold Change) log(Fold Change) log(Fold Change)

log(Fold Change)






OEBPS/Images/fimmu-13-830220-g005.jpg
A B
TCGA Cohort ICGC Cohort Odds Ratio |l <1 [ >1 [l 22

Quantiseq [ =@ = = wm =

MCPcounter | m [ Metastatic
vs
ImmuCellAl | = [ | * [ ] | Aggressive (Ref.)
Cibersort | BN | NI B AR R BN | |
Quantiseq | m [ B | H A= [ ]
MCPcounter n ™ Aggressive
vs
ImmuCellAl u Localized (Ref.
. *® ocalized (Ref.) n
Cibersort | | | = m u
Quantiseq s EEHEEH= H = ™ 22 <0.001
; 15
MCPcounter | = E = H = nn Metastatic 001
vs 1.0
i 0.05
ImmuCellAl = B = B BN Localized (Ref) 00
Cibersort | = E m - HE = B = 00
Quantiseq . HE . ™ Odds Ratio 2 g § seee P value
. Fook 333
MCPcounter Localized € £
. HE . . vs § § E g é
ImmuCellAl ] EEE = Normal (Ref.) z =z
>3
Cibersort ] . ] . n A
8 8 8 8 8
o = Q9 g X 04 06 08 10 12 14 16 >16
5 o 5 8 = NS A4 - W
5 35 % 0Odds Ratio
[a] a 5
) *
8 P<0.05





OEBPS/Images/fimmu.2022.830220_cover.jpg
’ frontiers | Frontiersin Immunology

Integrative Analysis of the Genomic
and Immune Microenvironment
Characteristics Associated With
Clear Cell Renal Cell Carcinoma
Progression: Implications for
Prognosis and Immunotherapy





OEBPS/Images/fimmu-13-830220-g003.jpg
1
|| SCNAs linked to tumor progression Known target genes

-OMb - 200Mmp
[ Recurrent SCNAs Chromosome Coordinates

M Gain Cytoband | L THIT Ty
M Loss SCNA Iy T
Frequency Localized /
M pam ‘
' garm

Aggressive

Correlation
between SCNAs

o
Weak (|r|<0.3)
Moderate or [1]
more (|Jr[20.3)
A FGFR4
= Dei(1gp) Jo
Del(15a) N 3
o g .
\ ¢ o 8

\ SRS | I . R
@,, >,
T L %%
oy, ™ [T % %
Ao
%Mo g 1o0M oMb 10OW ’ D @9‘%
12 10 Q

11





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-830220-g006.jpg
KIR2DL3
ENTPD1

A — Immunomodulators

Spearman's Correlation linked to tumor progression
-04 -0.2 0 0.2 0.4 = Metastatic vs [
MR AN B °P<005 Aggressive (Ref.)

0 04 08112 16 252 Aggressive vs

Odds Ratio TCGA Localized (Ref.)

Cohort Metastatic vs
Localized (Ref.)

Tumor
vs Normal (Ref.)

Correlation with copy number level

Metastatic vs
B Aggressive (Ref.)
Aggressive vs
ICGC Localized (Ref.)
Cohort Metastatic vs
Localized (Ref.)
Tumor
~ vs Normal (Ref.)

Immunoinhibitors
Immunostimulators
Chemokines and receptors

Other immunomodulators
/—I Cytolytic activity

Antigen-presenting molecules
Interferon and receptors
Interleukin and receptors

HMGB1
PRF1
GZMA
GZMB
GZMH

CCL11

HAVCR1
BTNL8

| cxcL1o





OEBPS/Images/fimmu-13-830220-g008.jpg
o o o o
o w ks @
1 1 1 1

Running enrichment score
°
L

0.0

0.0

Running enrichment score

-0.6

1900

C

0

1.0
0.8'
06

04
0.2
0.0
-0.2

Leading edge

HOPX [*.

PRKCH

IL4

100

SELP,
IKZF4

FLT3LG

| PIM1

IL3RA

200 300

400

Gene Ranks

BIRC5
GINST
SPC25
TIPIN AURKE;
DIAPH3
2100 2300 2500
Gene Ranks

2700

Running enrichment score

100

TNF-a Signaling via NF-kB

=
/
80

~ IL-2-STAT5 Signaling

60

Inflammatory Response

Sensitivity (%)
40

E2F Targets

—
20

G2M Checkpoint

MYC Targets V1

4

MTORC1 Signaling

Checkmate 009

2 95.1%
56.2%
92.0%
86.1%

/ AUC:

fl AUC:

/ AUC:
/ AUC: 68.8%
AUC: 71.9%

2 73.1%

80 60 40

Specificity (%)
Checkmate 025

20 0

= g
8
J J.F Oxidative Phosphorylation o
=
2z 87
Gene Ranks = AUC: 67.8%
(n=2,672) 2. AUC: 75.0%
- AUC: 77.3%
» AUC: 79.9%
45 22 18 14 -42 S AUC: 73.1%
-— L] AUC: 72.8%
-log,, (P value) x sign (log,(fold change)) AUC: 73.5%
(CB «= — NCB) ° T T T T
100 80 60 40 20 0
Specificity (%)

== TNF-a Signaling via NF-kB

~~ G2M Checkpoint
Inflammatory Response

=== |L-2-STAT5 Signaling

TCGA & ICGC
Cohort

Allograft Rejection
IFN-y Response

=== MTORC1 Signaling

=== MYC Targets V1

= Oxidative Phosphorylation
= E2F Targets

Immune Score [ | Mitotic Spindle

Cell Cycle Score . . G2M Checkpoint
H BB B B W 2 Targets

o, m W s N < 1B
A : P xzp

S %, E [ChN)

%, % Immunotherapy

RS Cohort

2 f





