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Abstract

:

Tumor immune microenvironment constituents, such as CD8+ T cells, have emerged as crucial focal points for cancer immunotherapy. Given the absence of reliable biomarkers for clear cell renal cell carcinoma (ccRCC), we aimed to ascertain a molecular signature that could potentially be linked to CD8+ T cells. The differentially expressed genes (DEGs) linked to CD8+ T cells were identified through an analysis of single-cell RNA sequencing (scRNA-seq) data obtained from the Gene Expression Omnibus (GEO) database. Subsequently, immune-associated genes were obtained from the InnateDB and ImmPort datasets and were cross-referenced with CD8+ T-cell-associated DEGs to generate a series of DEGs linked to immune response and CD8+ T cells. Patients with ccRCC from the Cancer Genome Atlas (TCGA) were randomly allocated into testing and training groups. A gene signature was established by conducting LASSO-Cox analysis and subsequently confirmed using both the testing and complete groups. The efficacy of this signature in evaluating immunotherapy response was assessed on the IMvigor210 cohort. Finally, we employed various techniques, including CIBERSORT, ESTIMATE, ssGSEA, and qRT-PCR, to examine the immunological characteristics, drug responses, and expression of the signature genes in ccRCC. Our findings revealed 206 DEGs linked to immune response and CD8+ T cells, among which 65 genes were correlated with overall survival (OS) in ccRCC. A risk assessment was created utilizing a set of seven genes: RARRES2, SOCS3, TNFSF14, XCL1, GRN, CLDN4, and RBP7. The group with a lower risk showed increased expression of CD274 (PD-L1), suggesting a more favorable response to anti-PD-L1 treatment. The seven-gene signature demonstrated accurate prognostic prediction for ccRCC and holds potential as a clinical reference for treatment decisions.
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1. Introduction


Among the genitourinary cancers, renal cell carcinoma (RCC) is the leading cause of death. Around 90% of renal tumors are identified as clear cell renal cell carcinoma (ccRCC) [1]. According to statistics, approximately 75% of individuals diagnosed with RCC can expect to survive for a minimum of 5 years, whereas individuals with advanced ccRCC face a considerably lower 5-year survival rate of 11.2% [2]. The incidence of ccRCC is on the rise in developed societies [3]. While surgical intervention is a successful approach for treating ccRCC in its initial stages, the outlook for patients with advanced disease is grim [4]. Timely detection plays a pivotal role in enhancing patient outcomes for ccRCC [5]. There remain no efficacious biomarkers available in clinical settings for the early detection of ccRCC [6]. Therefore, it is essential to develop reliable biomarkers that can assist in the prompt detection and surveillance of ccRCC advancement [7].



Among the notable attributes of tumors is an imbalanced immune tumor microenvironment (TME) [8]. The TME encompasses diverse cellular constituents, such as tumor cells, stromal cells, and immune cells [9]. CD8+ T cells, as the primary effector cells against tumors in the TME, primarily function as cytotoxic cells. However, the effectiveness of their role is impeded by the existence of cells and molecules that suppress the immune system [10]. As the immune response weakens, there is an observed increase in the expression of checkpoint genes, such as CTLA4 and PD-1, on the surface of CD8+ T cells [11]. Hence, acquiring a thorough comprehension of the regulation of CD8+ T cells in the TME is of utmost importance.



Earlier studies have shown that the infiltration of CD8+ T cells in tumors is indicative of prognosis in ccRCC and is linked to an adverse clinical result [12,13]. However, immune checkpoint blockade (ICB) and TME-modulating drug treatment were found to benefit ccRCC patients with more infiltrating PD1+, CD8+ T cells, and Treg+ immune cells [14]. It is worth mentioning that among the immune cells in ccRCC, CD8+ T cells account for the majority [15]. Moreover, the downregulation of SNHG1 has been reported to enhance the infiltration of CD8+ T cells in ccRCC mice, leading to prolonged overall survival (OS) [6]. This unconventional finding may be attributed to the diverse functional condition and variability of CD8+ T cells observed in ccRCC. To date, our comprehension of the regulatory mechanisms and clinical significance of CD8+ T cells in ccRCC remains incomplete. Consequently, a more profound understanding of the immune-associated genes that govern CD8+ T cells has the potential to unveil novel targets for immunotherapy in ccRCC [16].



The objective of this research was to employ scRNA-seq and bulk RNA-seq data acquired from TCGA in order to detect genes linked to CD8+ T cells and establish a predictive risk model in ccRCC. The results of this research could potentially enhance the prediction of prognosis and ameliorate treatment outcomes for patients with ccRCC, especially regarding the response to immunotherapy.




2. Results


2.1. Identification of Immune- and CD8+ T-Cell-Related DEGs


The GEO database (GSE159115) was utilized to examine scRNA-seq data from eight ccRCC patients, aiming to uncover the heterogeneity of ccRCC tissue. By employing dimensional reduction and clustering analysis techniques, we successfully identified 8 distinct cell types and 33 cell clusters within the ccRCC tissue (Figure 1A). Notably, Figure 1B illustrates the varying proportions of these eight cell types across different patient tissues. Erythroblasts constituted the smallest fraction, whereas malignant cells constituted the largest proportion. In order to identify DEGs associated with immune response and CD8+ T cells, we initially filtered 826 DEGs from a gene matrix comparing CD8+ T cells to other cell types (fold change > 1.5, p-adjust < 0.05). Subsequently, we performed additional filtering by matching 2533 immune-associated genes from the InnateDB and ImmPort datasets with DEGs, resulting in a final set of 206 immune- and CD8+ T-cell-related DEGs (Figure 1C, Supplementary Table S1). To elucidate the interplay among these DEGs, we created a network of protein–protein interactions (PPI) which included the 206 DEGs related to immune response and CD8+ T cells (Figure 1D). Notably, the PPI network revealed a subset of hub genes that ranked within the top 39 nodes (Figure 1E).




2.2. Construction of a Seven-Gene Signature Related to CD8+ T Cells in ccRCC


Based on the 206 DEGs related to CD8+ T cells, a univariable Cox proportional hazards regression analysis was conducted to determine the relationship between them and the prognosis of ccRCC. Among the 206 genes, a total of 65 genes were discovered to have a strong correlation with overall survival (OS) in the TCGA cohort (p < 0.05, Figure 2D). These 65 survival-related genes were then utilized for identifying prognostic genes to construct risk predictive models using LASSO regression. Through this analysis, seven genes were identified as powerful prognostic factors (Figure 2A,B), and the coefficients of each factor can be found in Figure 2C. In order to evaluate risk, we created a gene signature according to these seven risk prediction factors. A factor coefficient formula was utilized to count the risk score: Risk score = (−0.428 × GRN)  +  (0.277 × RARRES2)  +  (−0.295 × SOCS3)  +  (−0.227 × CLDN4)  +  (−0.201 × RBP7)  +  (0.147 × TNFSF14)  +  (0.217 × XCL1). The samples were classified into high-risk and low-risk groups based on the median value of their risk scores. A total of 533 patients with ccRCC were randomly assigned to either the training set (n = 267) or the testing set (n = 266). Table 1 presents a comparison of the clinical characteristics of these two patient sets, indicating no significant clinical differences between the training and testing groups. Notably, the group with high risk exhibited considerably poorer OS rates (Figure 2E–G) and progression-free survival (PFS) rates across the training, testing, and overall groups (Figure 2H–J), in comparison to the group with low risk.




2.3. Validating the Prognosis of CD8+ T-Cell-Associated Genes in Training, Testing, and Overall Datasets


For the purpose of survival analysis, patients in the training set were categorized into groups at high and low risk based on their scores with respect to median risk. The mortality rate of patients with ccRCC increased proportionally to their risk scores (Figure 3A). This phenomenon consistently occurred in both the testing and entire sets (Figure 3B,C). Notably, RARRES2, SOCS3, TNFSF14, and XCL1 exhibited significantly stronger expression levels in the high-risk set compared with the low-risk set across the training, testing, and entire datasets (Figure 3D–F). These findings suggest that these genes, which are associated with CD8+ T cells, could potentially function as significant predictors of unfavorable outcomes. On the other hand, the research unveiled that the expression levels of GRN, CLDN4, and RBP7 were considerably decreased in the high-risk category when compared to the low-risk category. This finding suggests that these specific genes related to CD8+ T cells may have the potential to serve as protective indicators, as depicted in Figure 3D–F. Furthermore, the results obtained from the Kaplan–Meier (KM) analysis provided additional confirmation that these seven CD8+ T-cell-associated genes are closely related to the prognosis of ccRCC (Figure 3G). Additionally, an examination was undertaken to compare the survival probabilities of ccRCC patients based on a variety of factors, including age, gender, stage, and G and T stage. Irrespective of the evaluation of clinical variables, it was observed that individuals classified as high risk experienced a shorter OS compared with those classified as low risk (Figure 4). This finding implies that the model we built is effectively applicable to diverse clinical parameters.




2.4. Independent and Superior Prognostic Ability of the Seven-Gene CD8+ T-Cell-Associated Signature in Patients with ccRCC


For patients diagnosed with ccRCC, both univariate and multivariate Cox regression analyses demonstrated that the risk score serves as an independent prognostic factor (Figure 5A). Notably, the risk score exhibited superior predictive capability compared to other clinical characteristics, as evidenced by an area under the curve (AUC) of 0.728 (Figure 5B). To assess the performance of our signature, we selected several signatures from previous studies (Bian, Chang, and Li) [17,18,19], and we employed the same methodology to calculate their respective risk scores. Our signature, CD8T, slightly outperformed these comparative signatures in terms of AUC at 3 years, as well as the C-index (Figure 5C,D). In our comparative analysis of models, we noticed that our model demonstrated exceptional performance in prognostic prediction. To determine the enriched gene sets between high-risk and low-risk patients, we employed Gene Set Enrichment Analysis (GSEA). The group at high risk displayed enrichment in gene sets associated with chemokine signaling, cytokine receptor interaction, graft-versus-host disease, hematopoietic cell lineage, and primary immunodeficiency. Conversely, the low-risk group exhibited enrichment in gene sets related to fatty acid metabolism, neuroactive ligand receptor interaction, PPAR signaling, retinol metabolism, and valine, leucine, and isoleucine degradation (Figure 5E).




2.5. Comparing DEGs Associated with High- and Low-Risk Patients Based on Functional Enrichment


In order to gain a deeper comprehension of the potential biological mechanisms underlying the DEGs associated with high- and low-risk patients, we performed an analysis utilizing the GO and KEGG databases. The investigation revealed that the biological processes primarily encompassed the humoral immune response, immunoglobulin production, complement activation, and phagocytosis. Additionally, the molecular functions were found to be associated with antigen binding, immunoglobulin receptor binding, signaling receptor activator activity, and receptor ligand activity. The cellular components analyzed in this study encompassed the immunoglobulin complex, the external side of the plasma membrane, blood microparticles, and the apical part of the cell (Figure 6A, Supplementary Table S2). Through KEGG analysis, it was determined that these DEGs were primarily associated with cytokine–cytokine receptor interaction, viral protein interaction with cytokine and cytokine receptor, complement and coagulation cascades, and the NF-kappa B signaling pathway (Figure 6B, Supplementary Table S3).




2.6. Risk-Score-Based Characteristics of ccRCC Tumor Mutations and Response to Chemotherapy


Based on the findings depicted in the waterfall chart in Figure 7A, it can be observed that among the two risk groups, a total of 20 genes exhibited the highest frequency of mutations. The mutation frequencies of these genes were notably higher in the patients at high risk as compared to those at low risk. Additionally, an examination of Figure 7B reveals that no significant disparity in Tumor Mutational Burden (TMB) was discernible between patients at high risk and those at low risk. Furthermore, it is worth mentioning that patients characterized by a higher TMB experienced a comparatively shorter OS period than did those with a low TMB (Figure 7C,D). The prediction of chemotherapy treatment response was accomplished through the calculation of predicted IC50 values. Consequently, it was observed that high-risk groups exhibited a more favorable predicted response to camptothecin, cisplatin, docetaxel, gefitinib, tamoxifen, temozolomide, and vinblastine, whereas low-risk groups demonstrated a superior predicted response to ruxolitinib (Figure 7E).




2.7. Immune Infiltration Pattern Variation between Different Risk Groups, and the Potential for Utilizing a Signature Related to CD8+ T Cells in Anti-PD-1/L1 Immunotherapy


The immune infiltration patterns of ccRCC samples were characterized using the ‘CIBERSORT’ algorithm to determine the fractions of immune cells. Notably, the high-risk group exhibited a marked elevation in the presence of plasma cells, CD8+ T cells, memory activated CD4+ T cells, follicular helper T cells, and regulatory T cells. Conversely, the group with low risk displayed an abundance of inactive natural killer cells, monocytes, M2 macrophages, inactive dendritic cells, and inactive mast cells (Figure 8A). Afterwards, the ssGSEA technique was utilized to estimate scores for particular immune cells and functions in a single-sample gene set enrichment analysis. The analysis revealed significant disparities between the patients at high risk and those at low risk in relation to the majority of immune cells and functions (Figure 8B). To gain further insights, heatmap visualizations were utilized to investigate potential distinctions in clinical variables among the risk groups. Notably, the patients at high risk or low risk exhibited significant dissimilarities in clinical variables, with the exception of age and gender (Figure 8C). A recent study identified six immune subtypes across cancer tissue types and molecular subtypes. These subtypes are C1 (associated with wound healing), C2 (dominated by IFN-γ), C3 (characterized by inflammation), C4 (depleted of lymphocytes), C5 (immunologically silent), and C6 (dominated by TGF-β) [20]. In the subgroup characterized by high levels of CD8+ T cells, the prevalence of C1, C2, and C6 was higher, whereas C3 and C4 were more commonly found in the subgroup with low levels of CD8+ T cells (Figure 8D). An online tool was utilized to calculate the TIDE score, which forecasts the reaction to immunotherapy in patients at high risk or low risk. Our findings indicate that patients categorized as high risk exhibited notably elevated TIDE scores in comparison to those categorized as low risk (Figure 8E). Furthermore, the high-risk cohort demonstrated superior stromal scores, immune scores, and estimated scores compared to the low-risk cohort (Figure 8F). The two risk groups were analyzed for their response to anti-PD-L1 using the IMvigor 210 database. According to the KM curve analysis, the low-risk category in Imvigor 210 demonstrated a greater overall survival rate (Figure 8G). Additionally, individuals who achieved complete response (CR) or partial response (PR) exhibited a reduced risk score (Figure 8H), suggesting that the patients at low risk had a more favorable reaction to anti-PD-L1 treatment. Moreover, we assessed the prognostic capacity of the risk model for immune checkpoint inhibitor (ICI) response. The patients at high risk demonstrated increased expression of immune checkpoint molecules CTLA4, LAG3, and PDCD1, indicating that ICI treatment may be more effective for this group (Figure 8I).




2.8. Validation of the Expression of the Seven CD8+ T-Cell-Related Genes


To examine the expression of the seven CD8+ T-cell-related genes in ccRCC tumors, we utilized the TCGA and GTEx databases to conduct gene expression analysis. The findings revealed that, with the exception of CLDN4, the remaining six CD8+ T-cell-related genes displayed elevated expression levels in ccRCC tumors (Figure 9A). The mRNA expression of the seven signature genes in tumor and normal tissues was further validated using qRT-PCR. The results demonstrated that the mRNA expression of all seven genes was significantly elevated in ccRCC tumor tissues (Figure 9B). Additionally, the expression of these proteins was verified using the Human Protein Atlas (HPA) database. Figure 9C illustrates that the protein expression was notably higher in renal tumor tissues compared to normal tissue. These findings provide substantial evidence supporting the crucial involvement of these genes in ccRCC.





3. Discussion


A nephrectomy remains the most efficacious option for primary clear cell renal cell carcinoma (ccRCC), despite the fact that 20–40% of patients experience relapses and metastases following the surgery [21]. Given the growing availability of novel treatment modalities for ccRCC, there is an urgent requirement for biomarkers to monitor prognosis [22]. The tumor microenvironment of ccRCC exhibits infiltration by various immune cells, each exerting distinct effects on prognosis [23]. Notably, the presence of CD8+ T cells has been associated with unfavorable prognosis in ccRCC tumors, posing significant challenges for immunotherapy [24]. The enhancement of tumor immunotherapy could potentially be achieved through the recognition of key genes related to the infiltration of CD8+ T cells. Our research commenced by acquiring and processing scRNA-seq data in the GEO database. Through gene differential analysis, we obtained DEGs specific to CD8+ T cells. Subsequently, utilizing TCGA-KIRC cohort data, we conducted univariate Cox regression analysis on the DEGs to recognize prognostic genes. A random forest model was then constructed based on seven CD8+ T-cell-related genes (RARRES2, SOCS3, TNFSF14, XCL1, GRN, CLDN4, and RBP7), which were subsequently validated to exhibit favorable predictive accuracy. Consequently, a notable association was observed between the risk score and the immune profile, thereby serving as a prognostic indicator for the reaction to immunotherapy. Furthermore, the risk score exhibited correlations with multiple immune checkpoints. Finally, the confirmation of CD8+ T-cell-associated genes was conducted using qRT-PCR.



Chemerin (RARRES2), an adipokine and chemoattractant factor, has been implicated in obesity, inflammatory disorders, and cancer [25]. Enhanced chemerin expression within the TME of breast carcinoma impedes tumor growth by attracting NK and T cells [26]. In comparison to normal tissues, the expression of chemerin/RARRES2 is commonly down-regulated in various tumors [26]. However, contrary to previous studies, our research demonstrates that the expression of RARRES2 is elevated in ccRCC tumors in comparison to normal tissue. Therefore, further investigation is warranted to explore the potential role of RARRES2 in ccRCC. Additionally, SOCS3 acts as an inhibitor of cytokine signaling, governing the differentiation of CD4+ T cells and the development of CD8+ T cells, alongside its role in modulating innate immune cells and influencing tumorigenesis [27]. Aberrant methylation of SOCS3, a tumor suppressor gene, has been observed in several types of human cancer [28]. This contradicts our result that higher expression of SOCS3 was observed in ccRCC tumor. Previous studies have reported that tumor necrosis factor superfamily 14 (TNFSF14/LIGHT) has a role in the activation of T lymphocytes [29]. Additionally, it has been shown to have a significant impact on regulating antitumor immunity by stimulating T cell proliferation and inducing apoptosis in various tumor cells. [30]. Furthermore, NK cells release XCL1, which has been found to promote DC aggregation and CD8+ T cell proliferation in solid tumors [31]. However, the association of GRN, CLDN4, and RBP7 with CD8+ T cell infiltration has not been reported. Therefore, further investigation is warranted.



The analysis of immune cell infiltration is of paramount importance in the assessment and management of diseases. This study involved a thorough examination of the immune landscape in patients in varying ccRCC risk groups. To explore the abundance and functions of immune cells, we utilized the CIBERSORT, ESTIMATE, and ssGSEA methodologies. Notably, the levels of immune cell infiltration, particularly CD8+ T cells, allowed for the identification of two distinct tumor phenotypes: “hot” and “cold”. These phenotypes correspond to favorable and unfavorable responses to T cell checkpoint inhibition, respectively [32]. Surprisingly, the high-risk group demonstrated a greater presence of plasma cells, CD8+ T cells, memory-activated CD4+ T cells, follicular helper T cells, and regulatory T cells, accompanied by a higher immune score, thus warranting classification as a “hot” tumor phenotype. Conversely, the low-risk group exhibited a higher abundance of resting NK cells, monocytes, M2 macrophages, resting dendritic cells, and resting mast cells, along with a lower immune score, indicating a “cold” tumor phenotype. Moreover, the high-risk patients exhibited elevated expression of the immune checkpoint molecules CTLA4, LAG3, and PDCD1. On the contrary, the patients at low risk demonstrated higher expression of the CD274 (PD-L1) immune checkpoint, suggesting a more favorable reaction to anti-PD-L1 treatment. Existing evidence suggests that higher PD-L1 expression is generally associated with enhanced effectiveness of immunotherapy [33]. This conclusion was further validated through analysis of the IMvigor 210 database. Additionally, the two groups demonstrated divergent responses to eight chemotherapy drugs, namely, camptothecin, cisplatin, docetaxel, gefitinib, tamoxifen, temozolomide, vinblastine, and ruxolitinib. Among them, camptothecin, a TOP1 inhibitor, and cisplatin have demonstrated sensitivity to ccRCC cell lines [34,35]. Considering that RCC is chemoresistant, we think that these different responses to chemotherapy drugs may have no clinical significance. The level of TMB has been recognized as a marker for assessing the effectiveness of immunotherapy [36]. Nevertheless, our research suggests that there is no substantial disparity in TMB among patients categorized as low or high risk. Conversely, the alteration frequency of VHL, PBRM1, TTN, and SETD2 was relatively high in the patients at high risk compared to those at low risk. Mutations in VHL are among the most frequently observed in ccRCC, and it has been established that the suppression, removal, or methylation of VHL promotes tumorigenesis and cancer progression [37]. Mutations in the PBRM1 gene have been shown to contribute to the development of tumors by inhibiting the ability of natural killer cells to clear tumor cells [38]. A deficit of SETD2 promotes tumorigenesis through the activation of oncogenic transcription [39]. The examination of mutational signatures can aid in the more precise selection of immunotherapies for individual patients. Additionally, our study revealed that the expression levels of these seven signature genes were significantly elevated in ccRCC tumor tissues, as confirmed by qRT-PCR and the HPA database.



In this study, however, experimental studies were not conducted to validate the functions of the seven genes. Consequently, additional clinical trials will be required to substantiate the predictive capability of the risk model.




4. Materials and Methods


4.1. Data Acquisition


A total of 826 CD8+ T-cell-related DEGs were obtained from the Tumor Immune Single Cell Hub (TISCH) database using the KIRC single-cell dataset GSE159115 (http://tisch.comp-genomics.org (accessed on 21 April 2023)). Another 2533 immune-related genes were acquired from the InnateDB (https://www.innatedb.com/ (accessed on 13 February 2023)) and ImmPort (https://www.immport.org/home (accessed on 13 February 2023)) datasets. In order to obtain data for the ccRCC RNA-seq, including clinical and mutational data, the GDC Data Portal was used from the TCGA database (https://portal.gdc.cancer.gov/ (accessed on 21 April 2023)).




4.2. Construction of a Predictive Signature in TCGA


The ccRCC patients were randomly assigned to training and testing subgroups in a 1:1 ratio using the package “caret” (version 6.0-94) [40,41]. For the purpose of determining optimal prognostic genes, we used the “glmnet” (version 4.1-7) package to perform LASSO-Cox analysis, which is used to identify important predictors of survival outcomes and to reduce the number of predictors in the model [42]. CcRCC risk scores were calculated by combining normalized gene expression values with LASSO-Cox coefficients, following the formula below:


  Risk   score =   ∑  i = 1   n    C o e f i × E x p i    











Coefi indicates the ith gene’s regression coefficient in LASSO-Cox, and Expi represents its mRNA expression value. The independent prognostic factors were validated using Kaplan–Meier (KM) graphs, receiver operating characteristic (ROC) curves, and univariate/multivariate Cox regression analyses. To assess the accuracy of our model, we compared our model with other signatures by the concordance index (C-index) and ROC analysis.




4.3. Analysis of Functional Enrichment


To comprehend the pathways and biological roles linked to the DEGs associated with CD8+ T cells, we conducted Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis using the “clusterprofiler” (version 4.8.1) package [43,44].




4.4. Immunotherapeutic Sensitivity Analysis of the CD8+ T-Cell-Related Signature


ESTIMATE (version 1.0.13) and “CIBERSORT” (version 1.03, http://cibersort.stanford.edu/ (accessed on 22 April 2023)) analyses were used to estimate immune infiltration scores and relative proportions for 22 immune cells in the TCGA-KIRC database. “CIBERSORT” uses a support vector machine algorithm to assign each gene expression profile to a reference set of cell type profiles. Using the “GSVA” (version 1.48.2) package, 29 immune features were enriched using the ssGSEA approach [45]. An evaluation of half-maximal inhibitory concentrations (IC50s) for eight common chemotherapeutic drugs (camptothecin, cisplatin, docetaxel, gefitinib, tamoxifen, temozolomide, vinblastine, and ruxolitinib) was performed using the “pRRophetic” (version 0.5) package [46]. Briefly, the chemotherapeutic response for each sample was forecasted using the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/ (accessed on 19 June 2023)), which is the largest publicly accessible pharmacogenomics database. The prediction procedure was executed through the utilization of the R package “pRRophetic”. The estimation of the IC50 for the samples was accomplished through ridge regression. All parameters were configured to their default values. In order to evaluate the tumor mutational burden (TMB), the “maftools” (version 2.16.0) package was used [47]. Patients with high and low risk were compared for the expression of CD274 (PD-L1), CTLA4, LAG3, and PDCD1 (PD1), which are commonly used as targets for immune checkpoint inhibitor (ICI) therapies. Tumor immune dysfunction and exclusion (TIDE) scoring was assessed in each ccRCC patient according to the instructions on the TIDE website (http://tide.dfci.harvard.edu/ (accessed on 24 April 2023)) [48]. The effectiveness of anti-PD-L1 immunotherapy was also evaluated by analyzing the IMvigor210 group [49].




4.5. qRT-PCR


Cell lines 786-O for ccRCC and HK-2 for normal cells were extracted using the TRIzol method (Invitrogen Co., Carlsbad, CA, USA). The above two cell lines were purchased from a commercial company (Zhong Qiao Xin Zhou Biotechnology Co., Ltd., Beijing, China). For cDNA synthesis, a High Capacity RNA-to-cDNA kit (Toyobo Co., Ltd., Osaka, Japan) was used. Supplementary Table S4 details the primers we used for qRT-PCR assays. GAPDH was used as the internal control. The results were analyzed according to the method detailed in a previous study [50].




4.6. Human Protein Atlas (HPA)


The HPA dataset (https://www.proteinatlas.org/ (accessed on 29 April 2023)) was used to examine gene expression in tumor and normal tissues by immunohistochemistry (IHC).





5. Conclusions


By conducting a thorough examination of both single-cell and bulk RNA sequencing data pertaining to ccRCC, a novel and resilient model was formulated and subsequently verified. This model is predicated on seven genes associated with CD8+ T cells and is poised to enhance comprehension of the immune characteristics inherent to ccRCC, facilitate prognostic predictions for patients afflicted with ccRCC, and offer valuable recommendations for the use of immunotherapy approaches.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/ijms241813729/s1.





Author Contributions


Conceptualization, W.D.; methodology, W.D.; software, Y.C., X.Z., Y.X., J.W., T.L., T.Y., Y.P. and W.D.; validation, Y.C. and X.Z.; formal analysis, Y.C., X.Z., Y.X., J.W., T.L., T.Y. and Y.P.; investigation, Y.C., X.Z., Y.X., J.W., T.L., T.Y. and Y.P.; resources, W.D.; data curation, Y.C., X.Z., Y.X. and W.D.; writing—original draft preparation, Y.C., X.Z., Y.X. and W.D.; writing—review and editing, Y.C., X.Z., Y.X. and W.D.; visualization, Y.C., X.Z., Y.X. and W.D.; supervision, W.D.; project administration, W.D.; funding acquisition, W.D. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Natural Science Foundation of Jiangsu Province (BK20220658) and Excellent Talents Research Foundation of Xuzhou Medical University (D2021042).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The datasets used and/or analyzed during the current study are available from the TCGA, GEO, and TISCH databases.




Acknowledgments


It is with great gratitude that we acknowledge the TCGA, GEO, and TISCH databases for providing data.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Zhang, H.; Wei, P.T.; Lv, W.W.; Han, X.T.; Yang, J.H.; Qin, S.F.; Zhang, Y. MELK is Upregulated in Advanced Clear Cell Renal Cell Carcinoma and Promotes Disease Progression by Phosphorylating PRAS40. Cell Transplant. 2019, 28, 37s–50s. [Google Scholar] [CrossRef]

	



Hwang, H.S.; Park, Y.Y.; Shin, S.J.; Go, H.; Park, J.M.; Yoon, S.Y.; Lee, J.L.; Cho, Y.M. Involvement of the TNF-alpha Pathway in TKI Resistance and Suggestion of TNFR1 as a Predictive Biomarker for TKI Responsiveness in Clear Cell Renal Cell Carcinoma. J. Korean Med. Sci. 2020, 35, e31. [Google Scholar] [CrossRef]

	



Lopez-Fernandez, E.; Lopez, J.I. The Impact of Tumor Eco-Evolution in Renal Cell Carcinoma Sampling. Cancers 2018, 10, 485. [Google Scholar] [CrossRef]

	



Sun, S.S.; Fu, Y.; Lin, J.Y. Upregulation of MYBL2 independently predicts a poorer prognosis in patients with clear cell renal cell carcinoma. Oncol. Lett. 2020, 19, 2765–2772. [Google Scholar] [CrossRef]

	



Dou, Q.; Gao, S.; Gan, H.; Kang, Z.; Zhang, H.; Yang, Y.; Tong, H. A Metastasis-Related lncRNA Signature Correlates with the Prognosis in Clear Cell Renal Cell Carcinoma. Front. Oncol. 2021, 11, 692535. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Q.; Ren, H.; Ge, L.; Zhang, W.; Song, F.; Huang, P. A review on the role of long non-coding RNA and microRNA network in clear cell renal cell carcinoma and its tumor microenvironment. Cancer Cell Int. 2023, 23, 16. [Google Scholar] [CrossRef]

	



Wang, J.; Chen, M.; Dang, C.; Zhang, H.; Wang, X.; Yin, J.; Jia, R.; Zhang, Y. The Early Diagnostic and Prognostic Value of BIRC5 in Clear-Cell Renal Cell Carcinoma Based on the Cancer Genome Atlas Data. Urol. Int. 2022, 106, 344–351. [Google Scholar] [CrossRef] [PubMed]

	



Bejarano, L.; Jordao, M.J.C.; Joyce, J.A. Therapeutic Targeting of the Tumor Microenvironment. Cancer Discov. 2021, 11, 933–959. [Google Scholar] [CrossRef] [PubMed]

	



Dey, P.; Kimmelman, A.C.; DePinho, R.A. Metabolic Codependencies in the Tumor Microenvironment. Cancer Discov. 2021, 11, 1067–1081. [Google Scholar] [CrossRef]

	



Jhunjhunwala, S.; Hammer, C.; Delamarre, L. Antigen presentation in cancer: Insights into tumour immunogenicity and immune evasion. Nat. Rev. Cancer 2021, 21, 298–312. [Google Scholar] [CrossRef] [PubMed]

	



Gomez, S.; Tabernacki, T.; Kobyra, J.; Roberts, P.; Chiappinelli, K.B. Combining epigenetic and immune therapy to overcome cancer resistance. Semin. Cancer Biol. 2020, 65, 99–113. [Google Scholar] [CrossRef] [PubMed]

	



Brech, D.; Herbstritt, A.S.; Diederich, S.; Straub, T.; Kokolakis, E.; Irmler, M.; Beckers, J.; Buttner, F.A.; Schaeffeler, E.; Winter, S.; et al. Dendritic Cells or Macrophages? The Microenvironment of Human Clear Cell Renal Cell Carcinoma Imprints a Mosaic Myeloid Subtype Associated with Patient Survival. Cells 2022, 11, 3289. [Google Scholar] [CrossRef]

	



Braun, D.A.; Street, K.; Burke, K.P.; Cookmeyer, D.L.; Denize, T.; Pedersen, C.B.; Gohil, S.H.; Schindler, N.; Pomerance, L.; Hirsch, L.; et al. Progressive immune dysfunction with advancing disease stage in renal cell carcinoma. Cancer Cell 2021, 39, 632–648.e8. [Google Scholar] [CrossRef]

	



Xue, B.; Guo, W.M.; Jia, J.D.; Kadeerhan, G.; Liu, H.P.; Bai, T.; Shao, Y.; Wang, D.W. MUC20 as a novel prognostic biomarker in ccRCC correlating with tumor immune microenvironment modulation. Am. J. Cancer Res. 2022, 12, 695–712. [Google Scholar]

	



Lin, J.; Yu, M.; Xu, X.; Wang, Y.; Xing, H.; An, J.; Yang, J.; Tang, C.; Sun, D.; Zhu, Y. Identification of biomarkers related to CD8(+) T cell infiltration with gene co-expression network in clear cell renal cell carcinoma. Aging 2020, 12, 3694–3712. [Google Scholar] [CrossRef] [PubMed]

	



Wu, J.; Lin, R.; Zhang, L.; Wei, Y.; Zhang, R.; Cai, W.; Hu, W. LINC00887 Fosters Development of Clear Cell Renal Cell Carcinoma via Inhibiting CD8+ T Cell Immune Infiltration. Comput. Math. Methods Med. 2022, 2022, 2582474. [Google Scholar] [CrossRef]

	



Bian, Z.L.; Fan, R.; Xie, L.M. A Novel Cuproptosis-Related Prognostic Gene Signature and Validation of Differential Expression in Clear Cell Renal Cell Carcinoma. Genes 2022, 13, 851. [Google Scholar] [CrossRef]

	



Chang, K.L.; Yuan, C.; Liu, X.G. Ferroptosis-Related Gene Signature Accurately Predicts Survival Outcomes in Patients with Clear-Cell Renal Cell Carcinoma. Front. Oncol. 2021, 11, 649347. [Google Scholar] [CrossRef] [PubMed]

	



Li, K.P.; Li, Y.Q.; Lyu, Y.F.; Tan, L.Y.; Zheng, X.Y.; Jiang, H.W.; Wen, H.; Feng, C.C. Development of a Phagocytosis-Dependent Gene Signature to Predict Prognosis and Response to Checkpoint Inhibition in Clear-Cell Renal Cell Carcinoma. Front. Immunol. 2022, 13, 853088. [Google Scholar] [CrossRef]

	



Thorsson, V.; Gibbs, D.L.; Brown, S.D.; Wolf, D.; Bortone, D.S.; Yang, T.H.O.; Porta-Pardo, E.; Gao, G.F.; Plaisier, C.L.; Eddy, J.A.; et al. The Immune Landscape of Cancer. Immunity 2018, 48, 812–830.e14. [Google Scholar] [CrossRef] [PubMed]

	



Lin, X.Z.; Kapoor, A.; Gu, Y.; Chow, M.J.; Peng, J.Y.; Major, P.; Tang, D.M. Construction of a Novel Multigene Panel Potently Predicting Poor Prognosis in Patients with Clear Cell Renal Cell Carcinoma. Cancers 2020, 12, 3471. [Google Scholar] [CrossRef]

	



Chen, J.; Zhan, Y.; Zhang, R.; Chen, B.; Huang, J.; Li, C.; Zhang, W.; Wang, Y.; Gao, Y.; Zheng, J.; et al. A New Prognostic Risk Signature of Eight Ferroptosis-Related Genes in the Clear Cell Renal Cell Carcinoma. Front. Oncol. 2021, 11, 700084. [Google Scholar] [CrossRef]

	



Zhang, S.; Zheng, W.; Jiang, D.; Xiong, H.; Liao, G.; Yang, X.; Ma, H.; Li, J.; Qiu, M.; Li, B.; et al. Systematic Chromatin Accessibility Analysis Based on Different Immunological Subtypes of Clear Cell Renal Cell Carcinoma. Front. Oncol. 2021, 11, 575425. [Google Scholar] [CrossRef]

	



Bannoud, N.; Dalotto-Moreno, T.; Kindgard, L.; Garcia, P.A.; Blidner, A.G.; Marino, K.V.; Rabinovich, G.A.; Croci, D.O. Hypoxia Supports Differentiation of Terminally Exhausted CD8 T Cells. Front. Immunol. 2021, 12, 660944. [Google Scholar] [CrossRef]

	



Tummler, C.; Snapkov, I.; Wickstrom, M.; Moens, U.; Ljungblad, L.; Maria Elfman, L.H.; Winberg, J.O.; Kogner, P.; Johnsen, J.I.; Sveinbjornsson, B. Inhibition of chemerin/CMKLR1 axis in neuroblastoma cells reduces clonogenicity and cell viability in vitro and impairs tumor growth in vivo. Oncotarget 2017, 8, 95135–95151. [Google Scholar] [CrossRef] [PubMed]

	



Pachynski, R.K.; Wang, P.; Salazar, N.; Zheng, Y.Y.; Nease, L.; Rosalez, J.; Leong, W.I.; Virdi, G.; Rennier, K.; Shin, W.J.; et al. Chemerin Suppresses Breast Cancer Growth by Recruiting Immune Effector Cells into the Tumor Microenvironment. Front. Immunol. 2019, 10, 983. [Google Scholar] [CrossRef]

	



Yoshimura, A.; Ito, M.; Chikuma, S.; Akanuma, T.; Nakatsukasa, H. Negative Regulation of Cytokine Signaling in Immunity. Cold Spring Harb. Perspect. Biol. 2018, 10, a028571. [Google Scholar] [CrossRef]

	



Liu, F.; Zhang, H.; Lu, S.; Wu, Z.; Zhou, L.; Cheng, Z.; Bai, Y.; Zhao, J.; Zhang, Q.; Mao, H. Quantitative assessment of gene promoter methylation in non-small cell lung cancer using methylation-sensitive high-resolution melting. Oncol. Lett. 2018, 15, 7639–7648. [Google Scholar] [CrossRef] [PubMed]

	



Tang, H.D.; Wang, Y.; Chlewicki, L.K.; Zhang, Y.; Guo, J.Y.; Liang, W.; Wang, J.Y.; Wang, X.X.; Fu, Y.X. Facilitating T Cell Infiltration in Tumor Microenvironment Overcomes Resistance to PD-L1 Blockade. Cancer Cell 2016, 30, 500. [Google Scholar] [CrossRef]

	



Sabet, M.N.; Asl, M.M.; Esfeh, M.K.; Nasrabadi, N.; Shakarami, M.; Alani, B.; Alimolaie, A.; Azhdari, S.; Cheraghi, E. Mesenchymal stem cells as professional actors in gastrointestinal cancer therapy: From Naive to genetically modified. Iran. J. Basic. Med. Sci. 2021, 24, 561–576. [Google Scholar] [CrossRef]

	



Shan, M.J.; Wang, Y.B. Viewing keloids within the immune microenvironment. Am. J. Transl. Res. 2022, 14, 718–727. [Google Scholar] [PubMed]

	



Galon, J.; Bruni, D. Approaches to treat immune hot, altered and cold tumours with combination immunotherapies. Nat. Rev. Drug Discov. 2019, 18, 197–218. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, S.; Zhang, W.; Zhang, J. 8-Gene signature related to CD8(+) T cell infiltration by integrating single-cell and bulk RNA-sequencing in head and neck squamous cell carcinoma. Front. Genet. 2022, 13, 938611. [Google Scholar] [CrossRef]

	



Ma, Q.; Wang, J.L.; Qi, J.; Peng, D.; Guan, B.; Zhang, J.Y.; Li, Z.W.; Zhang, H.X.; Li, T.; Shi, Y.; et al. Increased chromosomal instability characterizes metastatic renal cell carcinoma. Transl. Oncol. 2021, 14, 100929. [Google Scholar] [CrossRef]

	



Li, S.J.; Rodriguez, J.; Li, W.Y.; Bullova, P.; Fell, S.M.; Surova, O.; Westerlund, I.; Topcic, D.; Bergsland, M.; Stenman, A.; et al. EglN3 hydroxylase stabilizes BIM-EL linking VHL type 2C mutations to pheochromocytoma pathogenesis and chemotherapy resistance. Proc. Natl. Acad. Sci. USA 2019, 116, 16997–17006. [Google Scholar] [CrossRef] [PubMed]

	



Rizvi, N.A.; Hellmann, M.D.; Snyder, A.; Kvistborg, P.; Makarov, V.; Havel, J.J.; Lee, W.; Yuan, J.; Wong, P.; Ho, T.S.; et al. Cancer immunology. Mutational landscape determines sensitivity to PD-1 blockade in non-small cell lung cancer. Science 2015, 348, 124–128. [Google Scholar] [CrossRef]

	



Duan, Y.; Yue, K.; Ye, B.; Chen, P.; Zhang, J.; He, Q.; Wu, Y.; Lai, Q.; Li, H.; Wu, Y.; et al. LncRNA MALAT1 promotes growth and metastasis of head and neck squamous cell carcinoma by repressing VHL through a non-canonical function of EZH2. Cell Death Dis. 2023, 14, 149. [Google Scholar] [CrossRef]

	



Menasche, B.L.; Davis, E.M.; Wang, S.; Ouyang, Y.; Li, S.; Yu, H.; Shen, J. PBRM1 and the glycosylphosphatidylinositol biosynthetic pathway promote tumor killing mediated by MHC-unrestricted cytotoxic lymphocytes. Sci. Adv. 2020, 6, eabc3243. [Google Scholar] [CrossRef] [PubMed]

	



Xie, Y.; Sahin, M.; Wakamatsu, T.; Inoue-Yamauchi, A.; Zhao, W.; Han, S.; Nargund, A.M.; Yang, S.; Lyu, Y.; Hsieh, J.J.; et al. SETD2 regulates chromatin accessibility and transcription to suppress lung tumorigenesis. J. Clin. Investig. 2023, 8, e154120. [Google Scholar] [CrossRef]

	



Pang, Y.P.; Wang, Y.S.; Zhou, X.Y.; Ni, Z.; Chen, W.J.; Liu, Y.; Du, W.L. Cuproptosis-Related LncRNA-Based Prediction of the Prognosis and Immunotherapy Response in Papillary Renal Cell Carcinoma. Int. J. Mol. Sci. 2023, 24, 1464. [Google Scholar] [CrossRef] [PubMed]

	



Kuhn, M. Building Predictive Models in R Using the caret Package. J. Stat. Softw. 2008, 28, 1–26. [Google Scholar] [CrossRef]

	



Friedman, J.; Hastie, T.; Tibshirani, R. Regularization Paths for Generalized Linear Models via Coordinate Descent. J. Stat. Softw. 2010, 33, 1–22. [Google Scholar] [CrossRef] [PubMed]

	



Li, J.; Yang, C.; Zheng, Y. Identification of a tissue resident memory CD8 T cell-related risk score signature for colorectal cancer, the association with TME landscapes and therapeutic responses. Front. Genet. 2022, 13, 1088230. [Google Scholar] [CrossRef]

	



Wu, T.; Hu, E.; Xu, S.; Chen, M.; Guo, P.; Dai, Z.; Feng, T.; Zhou, L.; Tang, W.; Zhan, L.; et al. clusterProfiler 4.0: A universal enrichment tool for interpreting omics data. Innovation 2021, 2, 100141. [Google Scholar] [CrossRef] [PubMed]

	



Hanzelmann, S.; Castelo, R.; Guinney, J. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinform. 2013, 14, 7. [Google Scholar] [CrossRef]

	



Geeleher, P.; Cox, N.; Huang, R.S. pRRophetic: An R Package for Prediction of Clinical Chemotherapeutic Response from Tumor Gene Expression Levels. PLoS ONE 2014, 9, e107468. [Google Scholar] [CrossRef] [PubMed]

	



Mayakonda, A.; Lin, D.C.; Assenov, Y.; Plass, C.; Koeffler, H.P. Maftools: Efficient and comprehensive analysis of somatic variants in cancer. Genome Res. 2018, 28, 1747–1756. [Google Scholar] [CrossRef]

	



Jiang, P.; Gu, S.; Pan, D.; Fu, J.; Sahu, A.; Hu, X.; Li, Z.; Traugh, N.; Bu, X.; Li, B.; et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 2018, 24, 1550–1558. [Google Scholar] [CrossRef]

	



Zhang, L.; Peng, M. Integrated bioinformatic analysis identified a novel prognostic pan-programmed cell death signature for bladder cancer. Front. Immunol. 2022, 13, 1030097. [Google Scholar] [CrossRef]

	



Zhao, M.; Cheng, Y.; Wang, X.; Cui, X.; Cheng, X.; Fu, Q.; Song, Y.; Yu, P.; Liu, Y.; Yu, Y. Hydrogen Sulfide Attenuates High-Fat Diet-Induced Obesity: Involvement of mTOR/IKK/NF-kappaB Signaling Pathway. Mol. Neurobiol. 2022, 59, 6903–6917. [Google Scholar] [CrossRef]








[image: Ijms 24 13729 g001] 





Figure 1. Identification of immune- and CD8+ T-cell-related DEGs from the TISCH Database. (A) Annotation and clustering of all cell types in GSE159115. (B) The proportion and number of each cell type for eight patients. (C) A Venn diagram of immune-associated genes and DEGs related to CD8+ T cells. (D) The PPI network of common targets for immune-associated genes and DEGs related to CD8+ T cells. (E) Histogram showing the number of adjacent nodes. 






Figure 1. Identification of immune- and CD8+ T-cell-related DEGs from the TISCH Database. (A) Annotation and clustering of all cell types in GSE159115. (B) The proportion and number of each cell type for eight patients. (C) A Venn diagram of immune-associated genes and DEGs related to CD8+ T cells. (D) The PPI network of common targets for immune-associated genes and DEGs related to CD8+ T cells. (E) Histogram showing the number of adjacent nodes.



[image: Ijms 24 13729 g001]







[image: Ijms 24 13729 g002] 





Figure 2. Construction of a 7-gene signature related to CD8+ T cells. (A) An analysis of 65 CD8+ T-cell-associated genes using the LASSO coefficient. (B) A 10-time cross-validation procedure was utilized to tune arguments in the LASSO model. (C) A barplot showing the coefficients of the 7 CD8+ T-cell-associated genes. (D) Univariate analysis of 65 CD8+ T-cell-related genes. The 7 CD8+ T-cell-associated genes utilized to construct the risk model are highlighted in red. (E–G) OS analysis of ccRCC patients with high risk and low risk in the training, testing, and overall sets. (H–J) Progression-free survival (PFS) analysis of ccRCC patients with high risk and low risk in the training, testing, and overall sets. 
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Figure 3. Verification of the prognosis of CD8+ T-cell-associated genes was conducted in the training, testing, and overall datasets. (A–C) Dot plots were generated to illustrate the survival and risk score for the training, testing, and overall cohorts. (D–F) Gene expression heatmaps were constructed to compare the expression levels of the 7 CD8+ T-cell-associated genes between the high- and low-risk groups in the training, testing, and entire cohorts. (G) KM analysis was performed to assess the impact of high and low expression of these 7 CD8+ T-cell-related genes on ccRCC patients. 
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Figure 4. Kaplan-Meier (KM) survival plots for individuals with varying clinical factors, categorized as low and high risk. 
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Figure 5. Independent and superior prognostic ability of the 7-gene CD8+ T-cell-related signature in patients with ccRCC and a comparison of high- and low-risk sets using GSEA. (A) Clinical characteristics and risk scores were analyzed using both univariate and multivariate methods. (B) AUC values were calculated using the risk score and additional clinical variables. (C) Comparison of our risk signature with others based on the C-index. (D) Receiver operating characteristic (ROC) curves of our risk signature compared with the others. (E) GSEA showcasing the pathways that are most enriched for sets classified as high risk and low risk. 
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Figure 6. An analysis of GO and KEGG data between patients at high risk and those at low risk. (A) In the GO analysis, a diversity of biologic processes (BPs), cellular components (CCs), and molecular functions (MFs) were identified. (B) According to KEGG analysis, significant pathways were identified. 
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Figure 7. Risk-score-based characteristics of ccRCC tumor mutations and response to chemotherapy. (A) Waterfall diagrams displaying somatic genetic alterations in ccRCC individuals categorized as having a high (left) or low (right) risk score. (B) TMB values of patients at high risk and those at low risk. (C) An examination of the survival rates between groups with elevated and reduced TMB. (D) An analysis of the survival rates of the indicated four groups. (E) Predicted IC50 values to the indicated chemotherapy drugs comparing patients at high risk and those at low risk. 
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Figure 8. Immune infiltration landscape of different risk groups and potential of the CD8+ T-cell-related signature in anti-PD-1/L1 immunotherapy. (A) An algorithm based on CIBERSORT showing the fractions of 22 immune cells: * p < 0.05; ** p < 0.01; *** p < 0.001. (B) Scores for 29 immunotherapy-associated gene sets based on ssGSEA: * p < 0.05; ** p < 0.01; *** p < 0.001. (C) A comparison of the two risk subgroups based on clinical features: * p < 0.05; *** p < 0.001. (D) Correlation analysis between the risk model and immunophenotyping: p = 0.002 according to chi-square test. (E) An analysis of TIDE values in the patients at high risk or low risk: *** p < 0.001. (F) TME scores for the patients at high risk or low risk: *** p < 0.001. (G) The overall survival (OS) for IMvigor210 patients at high risk or low risk, treated with anti-PD-L1. (H) The risk scores of patients who achieved CR/PR or SD/PD (CR, Complete Response; PR, Partial Response; SD, Stable Disease; PD, Progressive Disease). (I) The expression of immune checkpoints and the Spearman correlation between their expression and risk score. 
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Figure 9. Evaluating the expression of 7 CD8+ T-cell-associated genes. (A) The expression distribution of the 7 CD8+ T-cell-associated genes in tumor tissues of ccRCC and normal tissues: * p < 0.05; *** p < 0.001. (B) qRT-PCR analysis for the expression of 7 CD8+ T-cell-associated genes in the 786-O ccRCC cell line and the HK-2 normal renal cell line: * p < 0.05; ** p < 0.01; *** p < 0.001. (C) Immunohistochemistry (IHC) was utilized to compare the expression of six proteins between normal and tumor tissues from the HPA. Scale bar = 100 µm. 
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Table 1. Clinical characteristics of patients with ccRCC.
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	Covariates
	Total (n = 533)
	Test (n = 266)
	Train (n = 267)
	p Value





	Age
	
	
	
	0.5443



	≤65
	349 (65.48%)
	178 (66.92%)
	171 (64.04%)
	



	>65
	184 (34.52%)
	88 (33.08%)
	96 (35.96%)
	



	Gender
	
	
	
	0.6735



	Female
	188 (35.27%)
	91 (34.21%)
	97 (36.33%)
	



	Male
	345 (64.73%)
	175 (65.79%)
	170 (63.67%)
	



	Grade
	
	
	
	0.4805



	G1
	14 (2.63%)
	7 (2.63%)
	7 (2.62%)
	



	G2
	229 (42.96%)
	107 (40.23%)
	122 (45.69%)
	



	G3
	206 (38.65%)
	106 (39.85%)
	100 (37.45%)
	



	G4
	76 (14.26%)
	43 (16.17%)
	33 (12.36%)
	



	Unknown
	8 (1.5%)
	3 (1.13%)
	5 (1.87%)
	



	Stage
	
	
	
	0.1334



	Stage I
	267 (50.09%)
	128 (48.12%)
	139 (52.06%)
	



	Stage II
	57 (10.69%)
	34 (12.78%)
	23 (8.61%)
	



	Stage III
	123 (23.08%)
	56 (21.05%)
	67 (25.09%)
	



	Stage IV
	83 (15.57%)
	48 (18.05%)
	35 (13.11%)
	



	Unknown
	3 (0.56%)
	0 (0%)
	3 (1.12%)
	



	T
	
	
	
	0.2643



	T1
	273 (51.22%)
	130 (48.87%)
	143 (53.56%)
	



	T2
	69 (12.95%)
	41 (15.41%)
	28 (10.49%)
	



	T3
	180 (33.77%)
	88 (33.08%)
	92 (34.46%)
	



	T4
	11 (2.06%)
	7 (2.63%)
	4 (1.5%)
	



	M
	
	
	
	0.4739



	M0
	422 (79.17%)
	208 (78.2%)
	214 (80.15%)
	



	M1
	79 (14.82%)
	43 (16.17%)
	36 (13.48%)
	



	Unknown
	32 (6%)
	15 (5.64%)
	17 (6.37%)
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