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Purpose

The present study aimed to establish a hypoxia related genes model to predict the prognosis of kidney clear cell carcinoma (KIRC) patients using data accessed from The Cancer Genome Atlas (TCGA) database and International Cancer Genome Consortium (ICGC) database.



Methods

Patients’ data were downloaded from the TCGA and ICGC databases, and hypoxia related genes were accessed from the Molecular Signatures Database. The differentially expressed genes were evaluated and then the differential expressions hypoxia genes were screened. The TCGA cohort was randomly divided into a discovery TCGA cohort and a validation TCGA cohort. The discovery TCGA cohort was used for constructing the hypoxia genes risk model through Lasso regression, univariate and multivariate Cox regression analysis. Receiver operating characteristic (ROC) curves were used to assess the reliability and sensitivity of our model. Then, we established a nomogram to predict the probable one-, three-, and five-year overall survival rates. Lastly, the Tumor Immune Dysfunction and Exclusion (TIDE) score of patients was calculated.



Results

We established a six hypoxia-related gene prognostic model of KIRC patients in the TCGA database and validated in the ICGC database. The patients with high riskscore present poorer prognosis than those with low riskscore in the three TCGA cohorts and ICGC cohort. ROC curves show our six-gene model with a robust predictive capability in these four cohorts. In addition, we constructed a nomogram for KIRC patients in the TCGA database. Finally, the high risk-group had a high TIDE score than the patients with low riskscore.



Conclusions

We established a six hypoxia-related gene risk model for independent prediction of the prognosis of KIRC patients was established and constructed a robust nomogram. The different riskscores might be a biomarker for immunotherapy strategy.
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Introduction

Renal cell carcinoma is one of the most common malignant tumors in the urinary system (1). Clear cell renal cell carcinoma (ccRCC) is the most common type of RCC, and accounts for approximately 80% of cases, with a 10-year cancer specific-survival rate of 62% (2). Radical nephrectomy is the standard surgical treatment for localized and locally advanced ccRCC. However, there is a lack of sufficient effective treatment for metastatic ccRCC and its 5-year survival rate of 12% (1). Now the immune checkpoint inhibition agents have been recommended as the first line agents for metastatic RCC instead of targeted therapy (3). Constructing a prognostic model that can accurately predict the prognosis has become a key issue in the diagnosis and formulation of treatment strategies for renal cancer.

Nowadays, a few prognostic systems and nomograms have been developed based on the clinical characters (such as TNM stage and Fuhrman grade) and laboratory factors (such as hemoglobin, neutrophil count, and platelet count) (2). With the development of high-throughput sequencing technology, the nomogram based on the RNA-seq data or methylation data have been constructed (4–9). These nomograms have not only improved the capability of predicting the prognosis of ccRCC but have also indicated the pathogenic mechanism of ccRCC which may help to develop drug candidates.

VHL gene mutation plays a central role in the initiation and progression of ccRCC (10, 11). As VHL gene is a key regulator of hypoxia, and hypoxia related genes can facilitate tumorigenesis (12), whether the hypoxia pathway could predict the prognosis of ccRCC was interesting. Now, we used the TCGA and ICGC data to investigate the role of hypoxia pathway in predicting the prognosis of ccRCC, and our results constructed a hypoxia related genes model and a nomogram to improve the prognostic value of ccRCC based on bioinformatics approaches. We also investigate the role of our prognosis model in the immunotherapy strategy.



Materials and Methods


Patients and Public Datasets

RNA-seq data of 533 KIRC and 78 adjacent normal kidney tissues were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) in October 2018. These original data were processed according to the guidelines and the data were merged into a single expression file for further study. All these expression data were used for screening the differential expression genes between normal and KIRC tissues. The clinical data of KIRC patients were also obtained, and 512 patients who had identified information of age, gender, clinical stage, TNM stage, overall survival status, and survival time were finally enrolled in the prognosis study (Supplementary File; Supplementary Table). The International Cancer Genome Consortium (ICGC) cohort (RECA-EU project, 91 patients) clinical information and RNA expression data were downloaded from the ICGC data portal in April 2020 (Supplementary File, Supplementary Table). The TCGA was used as a public open database, and the relevant information retrieved from it did not require further ethical approval.



Screening of Differential Expression Hypoxia Genes (DEHGs)

RNA-seq data were standardized using the “limma” package of R software. Then differentially expressed genes (DEGs) were evaluated using the “DESeq” package. Genes with adjusted p-value <0.05 and absolute log2 fold change (FC) >2 in normal and tumors tissues were considered as DEGs. The hypoxia related genes were downloaded from the Molecular Signatures Database (https://www.gsea-msigdb.org/gsea/msigdb/cards/HALLMARK_HYPOXIA.html). The hypoxia related genes in DEGs and the ICGC genes list were considered as differential expression hypoxia genes (DEHGs).



Prognosis Related Genes Filtering and Gene Risk Model Construction

The whole 512 patients were named Total TCGA cohort. Total TCGA cohort was then divided into a discovery TCGA cohort (256 patients) and a validation TCGA cohort (256 patients) by a ratio of 1 to 1 randomly (Supplementary File). The discovery TCGA cohort was used for constructing the hypoxia genes risk model. Firstly, univariate Cox expression was used to assess the prognosis role of these DEHGs. After identifying the prognosis related DEHGs, LASSO (least absolute shrinkage and selection operator) regression was used to select a panel of genes, and the analysis was performed using “glmnet” package in R software. Lastly, the genes which were extracted by lasso regression, were enrolled in multivariate Cox regression to further screen the prognosis related DEHGs and then construct a risk model. Riskscore was calculated according to the coefficient and expression value of each DEHG which had the significant meaning in multivariate Cox regression.



Genes Risk Model Validation, Nomogram Construction and TIDE Score Calculation

Risk-groups were deemed as two categorical variables (high risk-group and low risk-group) according to the median value of riskscore. Kaplan–Meier curve and log-rank test were used to assess the prognosis role of risk-group. Next, univariate and multivariate Cox regression were used to identify whether riskscore was an independent factor for the prognosis of KIRC patients. In the Cox regression analysis, gender, T stage, N stage, M stage, clinical stage, and risk-group were considered as categorical variables. Meanwhile, age and riskscore were considered as continuous variables. Validation TCGA cohort, total TCGA cohort, and ICGC cohort underwent the same analysis procedure to validate the genes risk model. Moreover, Receiver operating characteristic curve (ROC) analysis was performed to assess the predictive accuracy of the riskscore in all these four cohorts. In addition, a nomogram was established based on the total TCGA cohort for clinical application. Statistical analyses were performed using R software. Tumor Immune Dysfunction and Exclusion (TIDE) score was calculated online (HTTP://tide.dfci.harvard.edu/) (13). All tests were two-tailed, and a P-value of <0.05 was considered statistically significant.




Results


Data Processing and Screening of Differentially Expressed Genes

A total of 5,825 DEGs were screened (3,370 upregulated and 2,455 downregulated) from a total of 34,827 genes using the adjust p-value <0.05 and log FC (fold change) >1 threshold (Supplementary File). Two hundred hypoxia-related genes were acquired from the Molecular Signatures Database. Finally, 72 genes DEHGs were identified both in total TCGA and ICGC cohorts (Supplementary File; Supplementary Figure).



Screening of Prognostic DEHGs

The processed survival data of each tumor sample in the training set were subjected to univariate Cox proportional hazards regression analysis, in which the significant threshold was set at value <0.05. Therefore, 15 prognosis-related DEHGs containing 10 risky genes and 5 protective genes were identified (Supplementary File).



Establishment and Validation of the 6-DEHGs Prognosis Model

LASSO regression with tenfold cross validation was performed to further screen the DEHGs that significantly correlated with the prognosis of ccRCC patients. The optimal lambda value was obtained from the minimum partial likelihood deviance (Figures 1A, B). Then, the optimal 6-DEHG model was obtained which contained GPC3, KIF5A, PLAUR, ANKZF1, ETS1, and SELENBP1. The Cox coefficients of the DEHGs were obtained from the multivariate Cox proportional hazards regression analysis. Then, the riskscore was constructed based on the coefficients and categorical values of expression level as the following: Riskscore = (0.1611 ∗ GPC3) + (0.0781 ∗ KIF5A) + (0.2598 ∗ PLAUR) + (0.4296 ∗ ANKZF1) − (0.2765 ∗ ETS1) + (0.4578 ∗ SELENBP1). The riskscore of each tumor patient in the discovery TCGA cohort was calculated and the patients were divided into a high risk-group and a low risk-group based on the median riskscore (Figure 2). Then, the other three cohorts were also divided into a high risk-group and a low risk-group based on the median riskscore of each cohort individually. Patients with the high risk-group presented with poorer survival (Figure 3A) and it had been validated in the other three cohorts (Figures 3B–D).




Figure 1 | LASSO regression analysis of 15 DEHGs. Ten-fold cross-validation was applied to calculate the best lambda, which leads to a minimum mean cross-validated error (A). A total of 6 DEHGs were adopted for the LASSO model (B).






Figure 2 | Correlation between the prognostic model and the overall survival (OS) of patients in the Discovery TCGA Cohort (A), the Validation TCGA Cohort (B), the Total TCGA Cohort (C) and the ICGC Cohort (D). The distribution of riskscore (upper), survival time (middle) and hypoxia genes expression levels (below). Patients were classified into low-risk and high-risk groups by using the median score as a cut-off value. The red dots and lines represent the patients in high-risk groups. The green dots and lines represent the patients in low-risk groups.






Figure 3 | Kaplan–Meier survival of the 6-gene prognostic model in the Discovery TCGA Cohort (A), the Validation TCGA Cohort (B), the Total TCGA Cohort (C) and the ICGC Cohort (D).





Construction of a 6-DEHG Prognosis Model-Based Nomogram

In addition, Cox regression analysis remained that riskscore was an independent prognostic factor influencing patients with ccRCC in these four cohorts (Figure 4, Table 1). The AUC value for the DEHG Prognosis model was 0.711 in the 1-year ROC curve, 0.708 in the 3-year ROC curve, and 0.779 in the 5-year ROC curve of discovery TCGA cohort (Figure 5A). The AUC value of the other three validation cohorts is shown in Figures 5B–D. The riskscore, patients’ age, and clinical stage could be an independent prognostic factor, respectively, for OS prediction of ccRCC patients in the training set after the univariate and multivariate Cox proportional hazards regression analyses. Then, these independent prognostic factors were integrated together into this nomogram to predict the 1-, 3-, and 5-year OS of ccRCC patients (Figure 6).




Figure 4 | Multivariate Cox regression analyses. Discovery TCGA Cohort (A), Validation TCGA Cohort (B), Total TCGA Cohort (C) and ICGC Cohort (D). *p < 0.05, ** p < 0.01, *** p < 0.001.




Table 1 | Univariate and Multivariate cox regression in the Discovery and Validation cohorts.






Figure 5 | ROC curves with calculated AUCs were established to evaluate the prognostic value of the 6-gene model in 5-, 3-, 1-years in the Discovery TCGA Cohort (A), the Validation TCGA Cohort (B), the Total TCGA Cohort (C), and the ICGC Cohort (D).






Figure 6 | Construction of a nomogram for overall survival prediction in KIRC. The nomogram consists of age, clinical stage and the riskscore based on the six-hypoxia gene model.





The Probably Benefit of Patients for Immune Checkpoint Inhibitor (ICI) Therapy in Different Risk Groups

The TIDE-score was used to assess the potential clinical efficacy of immunotherapy in different risk groups. In our results, the high-risk group had a higher TIDE score than the low risk-group (Figure 7A). Also, we found that the high risk-group had a lower microsatellite instability (MSI) score, while the high risk-group had a higher T cell dysfunction score, but there was no difference in T cell exclusion between the two groups (Figures 7B–D).




Figure 7 | (A) TIDE score, (B) MSI, (C) T cell Dysfunction and (D) Exclusion in different risk-groups. The score between the two risk-groups were compared through Wilcoxon test (ns, not significant, ***p < 0.001).






Discussion

To achieve the precision medicine of kidney cancer, accurate diagnosis, individualized therapeutic strategies are needed. Providing the detail prognosis information for patients make the precision medicine more meaningful. Hypoxia pathway plays the central function in ccRCC pathogenesis and development. In our study, we screened the hypoxia-related genes for predicting the prognosis of ccRCC and then constructed a six hypoxia-related gene prognosis model using the LASSO regression method. The model was validated by the validation TCGA cohort, the total TCGA cohort, and the ICGC cohort. A nomogram, based on the clinical features and our model, was built for predicting the overall survival probability of ccRCC patients. In addition, we found the different immune function statuses in the different risk groups.

Recently, prognostic model integrating hypoxia-related gene expression and clinical features emerged (14–16). In our study, the hypoxia-related genes prognosis model was made up of six genes: GPC3, KIF5A, PLAUR, ANKZF1, ETS1, and SELENBP1. In the calculation formula of riskscore, the coefficient of ETS1 was a negative numbers, while the coefficient of the other five genes was a positive number. Therefore, there was a negative relationship between riskscore and ETS1, while there was a positive relationship between riskscore and GPC3, KIF5A, PLAUR, ANKZF1, and SELENBP1. Glypican 3 (GPC3) is an oncofetal proteoglycan anchored on the cell membrane (17). High GPC3 expression was also extensively associated with worse tumor differentiation, later tumor stage, presence of vascular invasion, and hepatitis B virus (HBV) infection (18). This protein is expressed in the liver and the kidney of healthy fetuses but is hardly expressed in adults, except in the placenta. Contrarily, GPC3 is specifically expressed in hepatocellular carcinoma (HCC), ovarian clear cell carcinoma, melanoma, squamous cell carcinoma of the lung, hepatoblastoma, nephroblastoma (Wilms tumor), yolk sac tumor, and some pediatric cancers (19). In addition, GPC3 has a low expression in ccRCC tissues than normal kidney tissues, and it can reduce the proliferation of RCC cell lines (20). Kinesin family member 5A (KIF5A) is a member of the kinesin superfamily which can modulate many cell physiological behavior such as the proliferation of cell cycle (21). KIF5A mutation causes familial Amyotrophic lateral sclerosis (ALS; OMIM: 05400) (22). Tian et al. have proved that KIF5A can regulate the bladder cancer development and progression (21). Plasminogen activator, urokinase receptor (PLAUR) encodes the receptor for urokinase plasminogen activator and is a key molecule in regulating of cell-surface plasminogen activation (23). Previous studies have shown that PLAUR was involved in cancer cell migration, invasion and metastasis processing and could predict the prognosis of many cancers, such as glioma and oral squamous cell carcinoma (24–27). Ankyrin repeat and zinc finger peptidyl tRNA hydrolase 1 (ANKZF1) is essential for the oxidative stress and the maintenance of mitochondrial integrity (28). Some bioinformatics analyses have proved that ANKZF1 based genes signature can predict the prognosis of patients with colon cancer, renal cell carcinoma, and prostate cancer (14, 29–33). ETS proto-oncogene 1, transcription factor (ETS1) is a transcription factor belong to the ETS domain family. Ets1 expression is linked to poor survival of some cancers and contributes to the cancer cell invasiveness, EMT, and drug resistance. In addition, as a major MAPK downstream molecule, ETS1 might be a prospective therapeutic target for cancer (34, 35). Moreover, high expression levels of ETS1 were associated with poor survival in RCC tissues (36). Selenium binding protein 1 (SELENBP1) encodes protein and plays a selenium-dependent role in many physiological functions, such as protein degradation, cell differentiation and redox modulation. SELENBP1 is downregulated in many cancer types and its low expression levels are associated with poorer prognosis (37). In RCC, SELENBP1 has been proved as a tumor suppressor gene and low SELENBP1 mRNA expression predicts a worse cancer-specific survival (38).

Although tumor stage, lymph node metastasis and grade are significantly associated with the prognosis of KIRC (39), prognostic model integrating gene expression and clinical features are gained increasing attention along with the development of sequencing technology. Here, we developed a hypoxia-related genes prognostic model and a significant difference in overall survival was observed between high-and low-risk subgroups. The 1- (TCGA 0.68, ICGC 0.72), 3- (TCGA 0.67, ICGC 0.70), and 5- (TCGA 0.71, ICGC 0.66) year AUC showed a good accuracy of ROC curves in the TCGA cohort and the ICGC cohort, respectively. Hypoxia-related genes can be promising prognostic biomarkers for KIRC which gain evidence for hypoxia-related genes targeted therapy.

TIDE score could predict patient response to immunotherapy as it can reflect the potential capacity for the tumor's immune evasion (13).In our results, the high risk-group had a higher TIDE score than the low risk-group, indicating that patients with low riskscore could benefit more from ICI therapy than patients with high riskscore (Figure 7A). In addition, high TIDE score predicted a worse outcome, which was accordance with our results and it might interpret the high riskscore group presented a worse prognosis .

In conclusion, a six hypoxia-related gene risk model for independent prediction of the prognosis of KIRC patients was established. The different riskscores might be a biomarker for immunotherapy strategy.
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