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Background

Clear cell renal cell carcinoma (ccRCC) is a kind of frequently diagnosed cancer, leading to high death rate in patients. Genomic instability (GI) is regarded as playing indispensable roles in tumorigenesis and impacting the prognosis of patients. The aberrant regulation of long non-coding RNAs (lncRNAs) is a main cause of GI. We combined the somatic mutation profiles and expression profiles to identify GI derived lncRNAs (GID-lncRNAs) in ccRCC and developed a GID-lncRNAs based risk signature for prognosis prediction and medication guidance.



Methods

We decided cases with top 25% cumulative number of somatic mutations as genomically unstable (GU) group and last 25% as genomically stable (GS) group, and identified differentially expressed lncRNAs (GID-lncRNAs) between two groups. Then we developed the risk signature with all overall survival related GID-lncRNAs with least absolute shrinkage and selection operator (LASSO) Cox regression. The functions of the GID-lncRNAs were partly interpreted by enrichment analysis. We finally validated the effectiveness of the risk signature in prognosis prediction and medication guidance.



Results

We developed a seven-lncRNAs (LINC00460, AL139351.1, AC156455.1, AL035446.1, LINC02471, AC022509.2, and LINC01606) risk signature and divided all samples into high-risk and low-risk groups. Patients in high-risk group were in more severe clinicopathologic status (higher tumor grade, pathological stage, T stage, and more metastasis) and were deemed to have less survival time and lower survival rate. The efficacy of prognosis prediction was validated by receiver operating characteristic analysis. Enrichment analysis revealed that the lncRNAs in the risk signature mainly participate in regulation of cell cycle, DNA replication, material metabolism, and other vital biological processes in the tumorigenesis of ccRCC. Moreover, the risk signature could help assess the possibility of response to precise treatments.



Conclusion

Our study combined the somatic mutation profiles and the expression profiles of ccRCC for the first time and developed a GID-lncRNAs based risk signature for prognosis predicting and therapeutic scheme deciding. We validated the efficacy of the risk signature and partly interpreted the roles of the seven lncRNAs composing the risk signature in ccRCC. Our study provides novel insights into the roles of genomic instability derived lncRNAs in ccRCC.
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Introduction

Renal cell carcinoma (RCC) is one of the most common cancer types in urinary system, which originates from the renal epithelium and accounts for about 2% of all kinds of cancers diagnoses and deaths worldwide. The average annual incidence and death cases of RCC are about 295,000 and 134,000, respectively, and the incidence rate has been increasing over time (1). Clear cell renal cell carcinoma (ccRCC) is the main type of RCC and occupies about 80% - 90% of all RCC cases.

With the development of targeted therapy, immunotherapy, and other newly applied therapies, the clinical outcomes of a portion of patients have been improved. Whereas, according to the observations of genomic studies, there is overt molecular and cellular heterogeneity among ccRCC patients, which could contribute to the heterogeneous outcomes (2, 3). Thus, individualized evaluation and outcome prediction are in urgent need.

Genomic instability (GI) is a hallmark of most cancer, which arises from mutations and results in the occurrence of cancers (4). GI is a major cause of tumor heterogeneity within and between tumors (5). Moreover, it is broadly recognized that GI is closely related with the progression and prognosis of tumors (6–9).

Long non-coding RNA (lncRNA) is a kind of cellular transcripts that is larger than 200 nt and does not code for proteins, which mainly functions by transcription regulating, nuclear domain organizating, and proteins or RNA molecules regulating (10). Researchers have clarified that non-coding RNAs (ncRNAs) play indispensable roles in maintaining genomic stability as well as in the progression and invasion of cancers. Single nucleotide variants (SNVs) is the most frequently occurred mutation in tumors and most known cancer-related SNVs are related to the aberrant function of ncRNAs, especially lncRNAs (11, 12). Meanwhile, SNVs could regulate the expression level of corresponding ncRNAs in return (12).

The conception of GI is composed of three categories: instability of chromosome, chromatin higher-order structure, and DNA sequence (13). A series of research have proved that lncRNAs regulates the mitotic checkpoint and centromere proteins, and thus leads to aneuploidy formation (14–16). The up-regulation of telomeric repeat-containing RNA (a kind of telomeric lncRNA) contributes to the stabilization of shortened telomeres and results in chromosomal instability and tumorigenesis (17). The disruption of topologically associated domains (TADs) usually results in the abnormally activation and rearrangements of transcription, becoming an inducement of tumors (18). Normal functioning of lncRNAs participates in maintaining the stability of TADs (19, 20). DNA damage, especially DNA double-strand breaks (DSB) repair was closely related to tumorigenesis. In the processes of DSB repair, damage-induced lncRNA is regarded as a vital regulator in DSB misrepair, which would lead to GI and carcinogenesis (21, 22).

The heterogeneity of ccRCC is widely acknowledged, and the roles of GI in ccRCC have been broadly studied (23–26). While the role of GI-derived lncRNAs (GID-lncRNAs) in ccRCC has rarely been reported. It would be helpful to score tumors with GID-lncRNAs as the prognosis and therapeutic strategies may differ quite a lot from each other. In the present study, we attempted to integrate the expression profiles and somatic mutation profiles of ccRCC patients to construct a GID-lncRNA based risk signature for diagnosis prediction and therapies decision in ccRCC patients.



Materials and Methods


Study Design

Here, we firstly illustrated the overall design and procedures of the research (Figure 1).




Figure 1 | Flow chart of the design and overall procedures of our research.





Data Collection

We collected the somatic mutation profiles, transcriptome profiles and clinical information of all ccRCC patients recorded in the database of The Cancer Genome Atlas Program (TCGA, https://portal.gdc.cancer.gov/) on 16th September, 2020. The research included the data of all 539 ccRCC tumor samples. The data of somatic mutations contains the cumulative number, mutation site, and mutation type in each sample. The data of transcriptome profile contains the expression level of detected RNAs in each sample. From the clinical information, we selected age, gender, follow-up time, survival status, tumor grade, pathological stage, TNM stage for analyses (information of lymphatic metastasis was not analyzed as it is missing in most cases and is not routinely assessed as an important criterion for prognosis predicting in ccRCC). As short follow-up period usually means inaccurate conclusions, we discarded the cases of follow-up period less than 3 months in cox regressions and survival analysis concerning follow-up time.



Identification of the Genomic Instability Derived lncRNAs

The somatic mutation profiles of 336 cases were available and all cases were included in this part of analysis. Firstly, we calculated the cumulative number of somatic mutations for each patient. Then, we divided the patients into genomically stable (GS) group and genomically unstable (GU) group after ranking all patients according to the cumulative number of somatic mutations. Patients with top 25% numbers of somatic mutations were defined as GU group, and with last 25% numbers were defined as GS group. Finally, we performed differentially expressed (DE) analysis on all lncRNAs between the two groups. The analysis was conducted using Wilcoxon test with limma package (27) under R programming environment. The cut-off criteria for statistically significant difference were decided as false discovery rate (FDR) adjusted p < 0.05 and |log fold change (FC)| > 1. The identified DE-lncRNAs were regarded as GID-lncRNAs.



Identification of Overall Survival Related GID-lncRNAs

Of all GID-lncRNAs, overall survival (OS) related genes usually perform critical functions in the onset and progression of tumors, as well as make decisive difference on prognosis. Thus, we performed time-dependent univariate Cox regression with survival R package to extract OS-related GID-lncRNAs. The cut-off criterion for statistically significant correlations with OS was decided as p < 0.05. After discarding cases with follow-up period less than 3 months, 491 cases were included in this part of analysis.



Development of the GID-lncRNAs Based Risk Signature for Prognosis Prediction

The same 491 cases were included for constructing the risk signature. We divided all tumor cases into a training dataset and a testing dataset for developing and validating the risk signature. The cases were divided randomly according to a proportion of 7:3 (70% for training dataset and 30% for testing dataset, 377 cases in training dataset and 114 cases in testing dataset). We performed chi-square test to make sure that the training dataset and testing dataset were divided without bias.

Least absolute shrinkage and selection operator (LASSO) Cox regression was applied for develop a GID-lncRNAs based risk signature. The LASSO Cox regression would pick out variables for constructing the signature and give them coefficients. The GID-lncRNAs based risk signature was constructed as follow:

	

In both of the training dataset and the testing dataset, we computed the risk score for each patient according to the risk signature and then divided the patients into high-risk group and low-risk group from the median value of the risk score.



Analysis of the Mutation Profiles of the Two Risk Groups

In order to assess the degree of GI and predict the prognostic outcomes of ccRCC patients with GID-lncRNAs, we have successfully developed the risk signature and divided patients into high-risk and low-risk groups. It is expected that patients in high-risk group are at GU condition. In order to confirm the supposition, we compared the mutation profiles of the two groups with maftools R package (28). All 336 cases with mutation profiles were included in this part.



Verification of the Effectiveness in Prognosis Predicting of the Risk Signature

After the development of the risk signature, we have to assess its reliability and robustness in estimating the prognostic outcomes of patients. The effectiveness of the signature was validated from the following 4 aspects:

	Overall survival analysis was conducted in training and testing datasets respectively to explore if the survival rate or survival time was significantly different between high-risk and low-risk groups. We conducted survival analysis using Kaplan-Meier method with a two-sided log-rank test (with survival R package). 377 cases were included in training dataset and 114 cases were included in testing dataset.

	Receiver operating characteristic (ROC) analysis was conducted in training and testing datasets respectively to evaluate the efficiency of the risk signature in predicting the survival status using survivalROC R package. 377 cases were included in training dataset and 114 cases were included in testing dataset.

	Inter-group differences of clinicopathologic features were analyzed with chi-square test for exploring whether higher risk score is corresponding to more severe clinicopathologic status. After excluding cases included missing data in tumor grade, pathological stage, or TNM stage, 457 cases were included.

	Univariate and multivariate Cox regression analyses were performed to assess if the risk signature could work as independent prognostic predictor of survival in ccRCC patients. 491 cases were included.





Function Predicting of lncRNAs Included in the Risk Signature With Enrichment Analysis

LncRNAs do not code proteins themselves, but work through regulating protein-coding genes. In order to explore the potential function of the lncRNAs involved in the risk signature in ccRCC, we calculated the Pearson’s correlation coefficients between the lncRNAs and all mRNAs in the transcriptome profile to evaluate the co-expression relationships between lncRNAs and mRNAs. Then we extracted the top-300 related mRNAs for each lncRNAs and conducted Kyoto Encyclopedia of Genes and Genomes (KEGG) (29) enrichment analysis on these related mRNAs, respectively. The cut-off criterion for significantly enriched items was decided as p < 0.05. The analysis was conducted using clusterProfiler R package (30).



Efficacy Prediction of Precise Treatments With the Risk Signature

In addition of predicting the prognostic outcome of ccRCC patients, the risk signature would be more serviceable if it could provide guidance for deciding treatment selections. With the development of precision medicine, ccRCC patients are given more opportunities and choices for curing or improving outcomes. We selected several targets of immunotherapy and targeted therapy approved by Food and Drug Administration (FDA) for analysis. The included targets of precise treatment are listed as follow: mTOR, KIT, PD-1, PD-L1, PDGFRA, PDGFRB, VEGFR1, VEGFR3, FLT3, RET, MET. We applied differentially expressed analysis for these targets between high-risk group and low-risk group to explore whether the expression level of these targets for precise treatments were related to different risk groups. The criteria for DE-genes were set as FDR adjusted p < 0.05 and |logFC| > 1.



Efficacy Prediction of Immunotherapy With the Risk Signature Using Tumor Mutation Burden Analysis

Immunotherapy is a breakthrough for the treatment of ccRCC, but the overall response rate of PD-1/PD-L1 inhibitors is not satisfactory. It is certified that tumor mutation burden (TMB) could effectively predict the efficacy of immunotherapy of tumors as a biomarker (31). We calculated the TMB value (mutations per million bases) for each patient and compared the TMB values between high-risk and low-risk groups by t-test to explore whether the risk signature could help predict the response to immunotherapies targeting PD-1/PD-L1.




Results


Identification of GID-lncRNAs With Differentially Expressed Analysis

After computing the number of somatic mutations, patients were divided into GS-group and GU-group (The two groups contained 85 patients respectively, the ID and mutation number of patients are available in Table S1). We then performed DE analysis on all lncRNAs between GS-group and GU-group. We identified 46 DE-lncRNAs in all, which were regarded as functioning in GI (that is, GID-lncRNAs). Sixteen GID-lncRNAs were up-regulated in GU-group and 30 GID-lncRNAs were down-regulated in GU-group. The expression profiles of the GID-lncRNAs were shown in Figure 2A and the details (expression level, logFC, p value, FDR value) were given in Table S2.




Figure 2 | (A) A heatmap of all GID-lncRNAs between GS-group and GU-group. Each cell represents the expression level of a lncRNA (left) in a sample (above). Red means high expression and blue means low expression. The expression values were log2 transferred before mapping. (B) OS-related GID-lncRNAs recognized by time-dependent univariate Cox regression.





Identification of OS-Related GID-lncRNAs

Time-dependent univariate Cox regression recognized 9 OS-related lncRNAs from all 46 GID-lncRNAs (Figure 2B). The official gene names of the 9 OS-related GID-lncRNAs were LINC00460, AL139351.1, AC156455.1, AL035446.1, LINC02471, LINC01234, AC022509.2, MIR222HG, and LINC01606.



Development of the GID-lncRNAs Based Risk Signature

Before developing the risk signature, we have divided all samples (with transcriptome profiles, follow-up time, and survival status) into training dataset and testing dataset. Chi-square test confirmed that there is no significant difference in clinical features between the two datasets. The information of patients in the two datasets and results of chi-square test are shown in Table 1.


Table 1 | Clinical information of patients in training and testing dataset and chi-square test between two groups.



We developed the risk signature in the training dataset. All 9 OS-related lncRNAs were involved in LASSO Cox regression to construct the risk signature for predicting the prognostic outcomes of ccRCC patients. While constructing the risk signature, LINC01234 and MIR222HG were eliminated by LASSO Cox regression.

The GID-lncRNA based risk signature was given as follow:

	

The detailed information of the 7 lncRNAs was provided in Table 2. Of the 7 lncRNAs composing the risk signature, 6 have positive coefficients and one has a negative coefficient. The up-regulation of lncRNAs with positive coefficients means worse outcome, that is, these lncRNAs may function as risky factors in ccRCC patients. Oppositely, lncRNA with negative coefficient may act as a protective factor.


Table 2 | Information of the seven GID-lncRNAs composing the risk signature.



For the subsequent analyses, we calculated the risk score for each patient with our risk signature and ranked patients according to their risk scores in training dataset and testing dataset, respectively. Then, patients were classified into high-risk group and low-risk group according to the median value of the risk score as a threshold (0.321 in training dataset and 0.329 in testing dataset). Samples in training dataset and testing dataset, their expression profile of the seven lncRNAs, as well as their risk scores and risk groups were given in Table S3.



Analysis of the Mutation Profiles of the Two Risk Groups

Figures 3A–C showed the landscape of the mutation profiles of ccRCC patients. According to different classified categories, missense mutation is the most frequently occurred type of mutations in ccRCC, and the amount of single nucleotide polymorphism (SNP) is significantly larger than that of insertion (INS) or deletion (DEL). VHL is the most frequently mutated gene in ccRCC, occupying almost 50% of all patients.




Figure 3 | Landscape of mutation profiles of ccRCC patients. (A) Classification of mutations by their effects. (B) Classification of mutations by different patterns. (C) Top 10 frequent mutations in ccRCC patients. (D) Mutation profiles of high-risk and low-risk groups divided by our risk signature.



Figure 3D showed the mutation profiles of high-risk patients and low-risk patients separately. Mutations were more frequently occurred in high-risk group. Meanwhile, the mutation of several genes is rarely observed in low-risk group but frequently observed in high-risk group, for example, KDM5C. More types of mutations were observed in high-risk group. The analysis intuitively reflected the differences of mutation profiles between high-risk and low-risk groups.



Verification of the Effectiveness of Prognosis Prediction of the Risk Signature

	OS analysis in training dataset and testing dataset indicated that the outcome of high-risk ccRCC patients identified with our risk signature was significantly poorer than low-risk patients (p = 1.01E-6 and 0.001, respectively, Figures 4A, B). In training dataset, the 5-year survival rate of patients was about 48% in high-risk group, and 74% in low-risk group. In testing dataset, the 5-year survival rate was 43% and 78%, respectively.

	In ROC analysis, the areas under the curve (AUC) of training dataset and testing dataset were 71.1% and 71.3%, respectively (Figures 4C, D), indicating the satisfactory robustness of the risk signature in prognosis predicting.

	Chi-square test between high-risk and low-risk groups validated that the portion of patients with higher tumor grade, pathological stage, T stage, and distant metastasis were significantly higher in high-risk group than that of low-risk group (Table 3, the p values were 4.27E-8, 2.41E-10, 1.00E-8, and 1.81E-4, respectively).

	Univariate and multivariate Cox regression analyses identified the risk signature as an independent risk factor for ccRCC patients (Figures 4E, F), which means the risk score calculated with our risk signature could predict the outcomes of ccRCC patients independent of the clinicopathologic features of tumor grade, pathological stage, T stage, and distant metastasis.






Figure 4 | Validation of the GID-lncRNAs based risk signature. (A) Survival analysis in training dataset. (B) Survival analysis in testing dataset. (C) ROC analysis for evaluating the predictive efficiency of the risk signature in the training dataset. (D) ROC analysis for evaluating the predictive efficiency of the risk signature in the testing dataset. (E) Results of Univariate Cox regression. (F) Results of Multivariate Cox regression.




Table 3 | Clinical features of patients in high-risk and low-risk groups and chi-square test between two groups.





Function Predicting of lncRNAs Included in the Risk Signature With Enrichment Analysis

Figure 5 exhibits the top-10 enriched KEGG-terms of KEGG enrichment on the co-expressed genes of the seven lncRNAs in the risk signature (Details and all terms of the results of KEGG enrichment analysis are available in Table S4). LINC00460 is closely related to signal pathways of “Cell cycle”, “DNA replication”, “p53 signaling pathway”, and “Mismatch repair”. AL139351.1 is involved in signal pathways concerning material metabolism and energy cycle. AC156455.1 is related to “RNA degradation”, “Drug metabolism”, and “Mismatch repair”. AL035446.1 takes part in signal pathways of “Cell cycel”, “p53 signaling pathway”, “DNA replication”, and “Drug metabolism”. LINC02471 mainly functions in signal pathways about material metabolism. AC022509.2 is related to “NF-kappa B signaling pathway”, “TNF signaling pathway”, “Apoptosis”, and “PD-L1 expression and PD-1 checkpoint pathway in cancer”. LINC01606 plays roles in “mTOR signaling pathway”, “Platinum drug resistance”, and “Drug metabolism”.




Figure 5 | Results of KEGG enrichment analysis on genes co-expressed with GID-lncRNAs in the risk signature. The size of the dots means the count of genes enriched in the term and the color is corresponding to the statistical significance. Gene ratio means the ratio of genes enriched in the term and all genes involved in the analysis. (A) KEGG enrichment analysis on genes co-expressed with LINC00460. (B) KEGG enrichment analysis on genes co-expressed with AL139351.1. (C) KEGG enrichment analysis on genes co-expressed with AC156455.1. (D) KEGG enrichment analysis on genes co-expressed with AL035446.1. (E) KEGG enrichment analysis on genes co-expressed with LINC02471. (F) KEGG enrichment analysis on genes co-expressed with AC022509.2. (G) KEGG enrichment analysis on genes co-expressed with LINC01606.



According to the results of KEGG enrichment analysis, we could conclude that the seven lncRNAs are involved in several biological themes closely related to the development and progression of tumors, such as cell cycle, DNA replication, and mismatch repair. Meanwhile, these lncRNAs may play important roles in material metabolism. Moreover, the functions of the lncRNAs have enriched in several widely admitted tumor-related signal pathways, such as NF-kappa B signaling pathway, p53 signaling pathway, mTOR signaling pathway, and TNF signaling pathway. Most importantly, the aberrant regulation of these lncRNAs may contribute to the resistance towards chemotherapy and immunotherapy.



Application of the Risk Signature in Predicting The Efficacy of Precise Treatments

DE analysis found the significantly different expression level of KIT and PD-1 between two risk groups (Figure 6A). PD-1 was up-regulated in the high-risk group (logFC = 0.55, FDR = 2.17E-5) and KIT was down-regulated in the high-risk group (logFC = -1.92, FDR = 1.34E-5). The results hint that patients in high risk group might response better to treatments targeting PD-1 and worse to treatments targeting KIT.




Figure 6 | Effectiveness prediction of precise treatments with our risk signature. (A) Differentially expressed targets for precise treatments. (B) TMB analysis of ccRCC patients and significant differences between high-risk and low-risk group.





Efficacy Prediction of Immunotherapy Using Tumor Mutation Burden Analysis

We calculated the TMB value for each patient and compared the inter-group difference of TMB value with t-test. The average TMB value in high-risk group was significantly higher than that in low-risk group. The TMB value was 1.25 in high-risk group and 1.00 in low-risk group (p = 0.019). Figure 6B exhibited the difference of TMB between two groups (one sample in high-risk group was omitted in the figure as its TMB value was too large). The results indicated a potential higher response rate towards immunotherapy in patients of the high-risk group classified by our risk signature.




Discussions

In the present study, we integrated the analysis of the somatic mutation profiles and the transcriptome profiles of ccRCC patients to develop a GID-lncRNAs based risk signature for predicting the prognostic outcomes and deciding therapeutic strategies for ccRCC patients. We obtained the expression profiles, somatic mutation profiles, as well as clinical information of all ccRCC patients from TCGA database. We analyzed the somatic mutation profiles and classified patients into GS group and GU group. Differentially expressed analysis of transcriptome profiles between GS and GU groups identified GID-lncRNAs. Univariate Cox regression recognized 9 OS-related GID-lncRNAs and LASSO Cox regression developed a 7-lncRNAs risk signature for prognosis prediction. Using the risk signature, we classified all patients into high-risk and low-risk groups for subsequent validation and interpretation. Landscape of the mutation profiles showed the general information of somatic mutations in ccRCC patients and differences between the two risk groups. Survival analysis proved a worse prognosis in high-risk group and ROC analysis confirmed the satisfactory accuracy of prognosis predicting. Chi-square test between two risk groups validated that patients in high-risk group were in more severe clinicopathologic conditions. Cox regression proved the risk score calculated by our risk signature as an independent prognostic predictor for predicting the overall survival of ccRCC patients. KEGG enrichment analysis on co-expressed genes of the seven lncRNAs in the risk signature explored the potential role of these lncRNAs in ccRCC. The seven lncRNAs may play crucial roles in cell cycle, DNA replication, mismatch repair, and material metabolism in the development and progression of ccRCC. Finally, we attempted to predict the efficacy of precise treatments with our risk signature. DE analysis between the two groups found higher expression level of PD-1 and low expression level of KIT in high-risk group, that is, patients in high-risk group might response better to treatments targeting PD-1 and worse to treatments targeting KIT. TMB analysis detected a significant higher average TMB value in high-risk group, hinting a possibility of better response to immunotherapy targeting PD-1 and PD-L1 in high-risk group.

Up to now, the roles of lncRNAs in inducing GI in ccRCC have rarely been reported. We designed and performed the present study to screen out GID-lncRNAs in ccRCC and develop a GID-lncRNAs based risk signature for prognosis prediction and therapies decision. Our risk signature is composing of seven lncRNAs: LINC00460, AL139351.1, AC156455.1, AL035446.1, LINC02471, AC022509.2, and LINC01606.

The functions of LINC00460 have been clarified in multiple kinds of tumors. In esophageal squamous cell carcinoma (ESCC), cAMP-response element binding protein binding protein (CBP) and EP300 up-regulates the expression of LINC00460 through binding to the promoter of LINC00460 and regulating its chromatin architecture. The up-regulated LINC00460 acts as an oncogene in ESCC by regulating cell proliferation, cell cycle and apoptosis in tumor cells (32). In non-small cell lung cancer (NSCLC), LINC00460 induces epithelia-mesenchymal transition and promotes cell migration as well as invasion in tumor cells without influence the cell proliferation (33, 34). The roles of carcinogenesis of LINC00460 were also reported in nasopharyngeal carcinoma (35), meningioma (36), colorectal cancer (37, 38), gastric cancer (GC) (39, 40), and breast cancer (41). Moreover, LINC00460 is reported to promote the resistance to anticarcinogens. In colorectal cancer, the up-regulation of LINC00460 leads to oxaliplatin resistance in patients with TP53 mutations (42). In NSCLC, LINC00460 promotes the resistance to gefitinib resistance through sponging miR-769-5p. The role of LINC00460 has never been reported in ccRCC before. Our research has found its potential function of regulating cell cycle, DNA replication, mismatch repair, and drug resistance in ccRCC. LINC02471 has been reported as a risk factor in thyroid carcinoma. The knockdown of LINC02471 increases the expression of miR-375, which would inhibit the proliferation and invasion and promote the apoptosis of tumor cells (43). The function of LINC01606 has been reported in GC. The up-regulation of LINC01606 in GC leads to activation of Wnt/β-catenin and promotes the invasion and metastasis of the tumor (44). The functions of AC022509.2, AL139351.1, AC156455.1, and AL035446.1 have never been reported in tumors. Our research proved their relationships with the OS of ccRCC patients and partly inferred their functions in ccRCC with enrichment analysis. The roles of these lncRNAs in tumorigenesis of ccRCC need to be further explored in experimental studies.

Risk signature has been broadly used in prognosis prediction in tumors. Several risk signatures, including lncRNAs based risk signatures, have been developed for ccRCC and appeared satisfactory predictive effectiveness (45–48). However, the roles of GID-lncRNAs were rarely mentioned in ccRCC. Our research combined the somatic mutation profiles and transcriptome profiles of ccRCC for the first time to identify GI-related lncRNAs and develop a risk signature for prognosis predicting and treatment deciding accordingly. Following a series of analyses, we have developed the risk signature successfully, validated its effectiveness in prognosis prediction and medication guidance, and partly clarified the functions of the lncRNAs participating in the risk signature. Our study provides novel insight to the influence of GI in ccRCC.

Nonetheless, we have to acknowledge some limitations of our study. Firstly, the effectiveness of our risk signature has only been validated in the TCGA cohort as we failed to obtain a valid external testing dataset containing the expression levels of all lncRNAs composing the risk signature. We would like to collect ccRCC samples by ourselves in the following clinical work and further validate the credibility of our risk signature in the future. Secondly, the roles of the seven lncRNAs in the risk signature have not been clearly clarified. More experimental and clinical studies are needed in the future.



Conclusions

The present study integrated the somatic mutation profiles and the transcriptome profiles of ccRCC for the first time and developed a genomic instability derived lncRNAs based risk signature for prognosis predicting and therapeutic scheme deciding. We validated the reliability of the risk signature and partly interpreted the roles of the seven lncRNAs included in the risk signature in ccRCC. Our study provides novel insights into the relationships between genomic instability and lncRNAs and the roles of genomic instability derived lncRNAs in ccRCC.
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