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The tetraspanin protein superfamily participate in the dynamic regulation of cellular membrane compartments expressed in a variety of tumor types, which may alter the biological properties of cancer cells such as cell development, activation, growth and motility. The role of tetraspanin 7 (TSPAN7) has never been investigated in bladder cancer (BCa). In this study, we aimed to investigate the biological function of TSPAN7 and its therapeutic potential in human BCa. First, via reverse transcription and quantitative real-time PCR (qRT-PCR), we observed downregulation of TSPAN7 in BCa tissues samples and cell lines and found that this downregulation was associated with a relatively high tumor stage and tumor grade. Low expression of TSPAN7 was significantly correlated with a much poorer prognosis for BCa patients than was high expression. Immunohistochemistry (IHC) showed that low TSPAN7 expression was a high-risk predictor of BCa patient overall survival. Furthermore, the inhibitory effects of TSPAN7 on the proliferation and migration of BCa cell lines were detected by CCK-8, wound-healing, colony formation and transwell assays in vitro. Flow cytometry analysis revealed that TSPAN7 induced BCa cell lines apoptosis and cell cycle arrest. In vivo, tumor growth in nude mice bearing tumor xenografts could be obviously affected by overexpression of TSPAN7. Western blotting showed that overexpression of TSPAN7 activated Bax, cleaved caspase-3 and PTEN but inactivated Bcl-2, p-PI3K, and p-AKT to inhibit BCa cell growth via the PTEN/PI3K/AKT pathway. Taken together, our study will help identify a potential marker for BCa diagnosis and supply a target molecule for BCa treatment.




Keywords: cell cycle, apoptosis, PI3K/AKT, PTEN, bladder cancer, TSPAN7



Introduction

Bladder cancer (BCa) is the most common malignancy of the urinary system, with more than 80,000 newly diagnosed cases and almost 18,000 deaths in the USA in 2019 (1). Approximately 70% of all diagnosed cases are non–muscle invasive bladder cancer (NMIBC), whereas the remaining cases are classified as muscle-invasive bladder cancer (MIBC). Despite advancements in the development of novel drugs and surgical treatments, approximately 50% of patients with BCa develop metastatic or recurrent disease within 2 years of diagnosis (2). Patients always require long-term follow-up with cystoscopy and computed tomography (CT) scans in case of relapse. As a result, the management costs of BCa seem to be considerably higher than other cancers (3). The overall survival of BCa patients remains very poor, thus, a better understanding of the molecular mechanisms of bladder carcinogenesis and elucidation of effective methods for predicting the prognosis of BCa are imperative.

Encoded by the TM4SF2 gene on XP114, tetraspanin 7 (TSPAN7) is a member of the tetraspanin protein superfamily of conserved membrane proteins (4–6). Most of the family members are cell-surface proteins that are characterized by the presence of four hydrophobic domains. TSPAN7 was first described as being strongly expressed in T-cell acute lymphoblastic leukemia (ALL) (7). Subsequently, TSPAN7 was found to be expressed in cancer of the stomach, pancreas, liver, esophagus, kidneys, and to be most strongly expressed in the brain (8–11). TSPAN7 mediates signal transduction events that play a role in the regulation of cell development, activation, growth, and motility (6, 12–14). In multiple myeloma (MM) patients, elevated TSPAN7 expression may be associated with better outcomes in up to 50% of patients (15). However, in lung cancer, TSPAN7 promotes migration and proliferation via epithelial-to-mesenchymal transition (16). Overall, TSPAN7 expression is associated with carcinogenesis, however, the precise role of TSPAN7 expression in BCa has not been defined.

Herein, by bioinformatics analysis of a dataset from The Cancer Genome Atlas (TCGA-BLCA), combined with fresh BCa and adjacent tissue samples studies, we identified that the downregulation of TSPAN7 expression plays an essential oncogenic role in BCa pathogenesis. In the current study, we first identified that the expression of TSPAN7 was significantly associated with tumor stage and grade in human BCa, and that low TSPAN7 expression was an independent predictive factor of overall survival (OS). Furthermore, overexpression of TSPAN7 exerted negative impacts on cell proliferation, colony formation, apoptosis, migration and invasion both in vitro and in vivo via the PTEN/PI3K/AKT signaling pathway. Thus, regulation of PTEN/PI3K/AKT signaling via TSPAN7 targeting may represent a new therapeutic approach for BCa treatment.



Materials and Methods


Bioinformatics Analysis

The mRNA-read scount expression data for 427 bladder urothelial carcinoma patient samples (408 BCa and 19 normal bladder tissue samples) and clinical survival data for 412 patients were downloaded from TCGA-BLCA with “TCGAbiolinks” package in R language. An mRNA expression matrix was made with the raw counts of each RNA in each sample. The “Deseq2” package in R was used to calculate the differential expression of mRNAs between the bladder cancer tissues samples and paracancerous normal specimens. A fold change| >2 and p-value <0.05 were used as the threshold. A volcano plot for the differentially expressed mRNAs was generated with “ggplot2” in R. Survival analysis was performed using these differentially expressed mRNAs with the “ggsurv” package in R with a p-value <0.05 used as the screening threshold. Then, the significant selected mRNAs were functionally analysed by Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis with a p-value <0.05 set as the statistical threshold, the performing “clusterprofiler” R package was used to screen out significant enrichments in KEGG pathways and GO terms.



Patients and Tissue Samples

Thirty-four pairs of fresh BCa and adjacent tissue specimens were obtained at the Department of Urology at Renmin Hospital of Wuhan University from March 2019 to December 2019. All specimens were collected by radical resection from patients without a prior history of BCa or adjuvant therapy and harvested after obtaining patients’ written consent. BCa was defined by two pathologists. The tumor stage and grade of all patients were diagnosed according to the 2009 TNM staging system and 2004 World Health Organization grading system, respectively. All patients were under regular follow-up.



Cell Lines and Cell Culture

The human bladder cancer cell lines 5637, T24, and EJ and human immortalized normal bladder epithelium cell line SV-HUC-1 were kindly provided by the Stem Cell Bank, Chinese Academy of Sciences (Shanghai, China). Identification of the cell lines was conducted at the China Centre for Type Culture Collection (Wuhan, China). 5637, T24, and EJ cells were maintained in RPMI-1640 medium (HyClone, China), and SV-HUC-1 cells were maintained in F-12K medium (HyClone, China) supplemented with 10% fetal bovine serum (FBS) (Gibco, Australia) and 1% penicillin G sodium/streptomycin sulfate. All the cells were grown in a humidified atmosphere consisting of 5% CO2 and 95% air at 37°C



Total RNA Isolation From Bladder Tissue Samples and BCa Cells

Total RNA was extracted from BCa cells and bladder tissue specimens using TRI Reagent (Cat. abs9331-100 ml, Absin, China) according to the manufacturer’s instructions. The reverse transcription process was carried out with the RevertAid RT Reverse Transcription Kit (Cat. K1691, Thermo Scientific, China). Finally, the produced cDNA was stored at -20°C.



Reverse Transcription and Quantitative Real-Time PCR

A total 20 μl-volume reaction system, which contained 1 μl cDNA, 1 μl of each primer, 10 μl NovoStart® SYBR qPCR SuperMix Plus (Cat.E096-01A, novoprotein, China), and 7 μl DNAse/RNAse-free water, was performed in triplicates. Fold enrichment was calculated with the 2−ΔΔCt method relative to the expression of GAPDH. The primer sequences were listed as follows: TSPAN7: 5`- CTCATCGGAACTGGCACCACTA-3`, 5`- CCTGAAATGCCAGCTACGAGCT-3`; GAPDH: 5`- GTCTCCTCTGACTTCAACAGCG-3`, 5`- ACCACCCTGTTGCTGTAGCCAA-3`. All experiments were conducted in triplicate and repeated three times.



Immunohistochemistry

For IHC, the procedures of dewaxing and rehydration were similar to those for HE staining. Then, the tissue sections were boiled in citrate buffer (pH 6.0) at 100°C for 15 min. A primary antibody (anti-TSPAN7, 1:50, 18695-1-AP, Proteintech) was added to the tissue sections after blocking with 3.0% hydrogen peroxide (H2O2) for 10 min at room temperature and incubated overnight at 4°C. A secondary antibody was added to the slides and incubated at room temperature for 30 min. Finally, the sections were incubated with DAB chromogen and then counterstained with hematoxylin.

Section assessment was completed by two experimental pathologists who were blinded to clinical outcomes. The scoring of TSPAN7 expression was defined as a score of 0, 1, 2, or 3 according to the staining intensity, and the overall staining score was summarized as low (0, 1) or high (2, 3).



Transfections and Selection of BCa Cell Lines With Stable Overexpression of TSPAN7

The full sequence of TSPAN7 was inserted into a lentiviral vector to construct a TSPAN7-overexpression plasmid (Vigenebio, China). BCa cells (1×105) were seeded in 6-well plates and grown to approximately 50% confluency. Then, the culture medium was removed, and fresh culture medium containing lentiviral particles carrying TSPAN7 cDNA or a negative control was added according to the manufacturer’s instructions. The cells were cultured in an incubator at 37°C with 5% CO2 for 18 h. Next, the culture medium was removed and replaced with fresh medium. After transfection for 72 h, culture medium containing an appropriate concentration of puromycin (Sigma, USA) was added to kill any nontransfected cells. The surviving cell clones were selected and expanded. The lentiviruses were designated pcDNA-TSPAN7. The empty vector was used as a negative control (pcDNA-vector). Western blot and qRT-PCR analyses were used to evaluate infection efficiency.



Protein Extraction and Western Blot Analysis

Total cellular protein was extracted from BCa cells using a RIPA buffer solution. The samples were placed on ice for 30 min with discontinuous ultrasonic dispersion. The lysates were centrifuged at 12,000 rpm for 15 min at 4°C. The supernatant was harvested, and the protein concentration was detected with a bicinchoninic acid (BCA) assay using bovine serum albumin (BSA) as the standard. The extracted protein samples were denatured at 100°C for 10 min after 25% volume loading buffer was added. Finally, the protein samples were stored at -20°C. A total of 60 µg of protein from each sample was resolved by 8%–12% SDS-PAGE and transferred to PVDF membranes (Millipore, USA), which were blocked with 5% nonfat milk for at least 1 h at room temperature. The membranes were incubated with primary antibodies overnight at 4°C on a table concentrator, followed by secondary antibody incubation for 1 h at room temperature. Bands were detected with a corresponding protein development instrument and quantified with ImageJ software (W S Rasband, ImageJ, NIH).



CCK-8-Based Cell Viability Assay

To assess cell proliferation, BCa cells were seeded at a density of 2×103 cells/well in 96-well plates and cultured for 24, 48, 72, or 96 h. At each end of the experiment, 10 µl of CCK-8 reagent (CK04, Dojindo, Japan) was added to each well, and the cells were further cultured for 1 h. Absorption values were measured at 450 nm. Cell growth curves were plotted according to the results of each experiment. All experiments were conducted in triplicate and repeated three times.



Tumor Cell Colony Formation Assay

Tumor cell clonogenicity was assessed with a colony formation assay. Cells were seeded in 6-well plates at 1×104, 1×103, and 1×102 cells/well and grown for 10 days. Visible colonies (≥50 cells) were counted after 4% paraformaldehyde (PFA) fixation and 0.1% crystal violet staining. The experiment was repeated three times.



Transwell Migration Assay

For transwell migration assays, we used a 24-well plate transwell chamber system (Corning, USA). In the upper chamber, 8×104 cells were suspended in 200 μl of serum-free medium, while 600 μl of 20% FBS medium was added to the lower chamber to induce cell migration. After 72 h, a cotton swab was used to remove any remaining cells in the upper chamber. The cells that migrated to the other side of the membrane were fixed in 4% PFA for 30 min and stained with 0.1% crystal violet for 4 hours. The stained chambers were left to dry and photographed. The experiment was repeated three times.



Wound-Healing Assay

To assess cell motility, a wound-healing assay was used. Approximately 2–3×106 cells were plated in a 6-well plate. When the cells were 90%–95% confluent, the cell layer was carefully scratched with a sterile tip and washed with PBS three times. The cells were then incubated for 0 h, 12 h, 24 h, and 48 h, and images were acquired. The assays were repeated in triplicate.



Cell Cycle and Apoptosis

BCa cells were harvested, centrifuged and then washed with cold PBS twice. For cell cycle analysis, cells were resuspended in 1× DNA Staining Solution containing propidium iodide and a permeabilization solution and incubated at 37°C for 30 min in the dark. The cell cycle distribution of each sample was analyzed by flow cytometry analysis. For cell apoptosis analysis, cells were stained with the Annexin-V FITC Apoptosis Detection Kit I (BD Biosciences, USA) according to the kit protocol and analyzed by flow cytometry analysis.



TUNEL Assay

In brief, Prepare paraffin sections → dewaxing and hydration → cell transparency → add TUNEL reaction solution (TUNEL, Roche Applied Science, Germany) → add Converter -POD→ react with substrate DAB to develop color → count and take photos with optical microscope.



Xenograft Mouse Model

Specific pathogen-free (SPF) male BALB/c-nude mice (4 weeks old) were purchased from Beijing HFK Bioscience Co., Ltd. (Beijing, China). After a week of adaption at the laboratory animal facility of Renmin Hospital of Wuhan University, we randomly assigned mice to the control group and the test group. For a subcutaneous tumor growth assay, 1×106 pcDNA-TSPAN7 or pcDNA-NC T24 cells diluted in 0.2 ml of serum-free medium were subcutaneously injected into 5-week-old BALB/c-nude mice. After 5 weeks, the mice were sacrificed, all of the xenotransplanted tumors were dissected, and tumor weight and tumor size were measured with a Vernier caliper (tumor volume = length×width2×0.5 mm3). The tumors were fixed in 4% PFA and subsequently analyzed by IHC staining.



Statistical Analysis

The 23.0 SPSS software package was used for all statistical analyses. The significance of differences was compared using the χ2 test and Student’s t test. Overall survival was estimated by the Kaplan-Meier method, and differences in survival between two groups were analyzed by the log-rank test. For univariate and multivariate analyses, the Cox proportional hazards regression model was used. A two-sided P value < 0.05 was considered statistically significant.




Results


Sixteen Key Marker Genes Were Selected by Bioinformatic Analysis

Through differential expression analysis of 19858 mRNAs between BCa and paracancerous normal specimens, 4943 significantly differentially expressed mRNAs including 2786 upregulated and 2157 downregulated mRNAs were obtained (Figure 1A). Herein, GAGE12D, CT45A5, GAGE2B, FGB, CT45A1, GAGE2D, GAGE1, and GAGE2A were upregulated with >10000-fold changes, and FAM180B, KCNB1, MYH11, PI16, MYOC, SYNM, GPR112, OSTN, MYH2, and GLP2R were downregulated with >40-fold changes in the BCa tissue samples compared to the normal bladder tissue samples. These differentially expressed RNAs were used to perform survival analysis exploring the effects of these mRNAs on the survival prognosis of BCa patients. Significantly (p-value <0.05), 596 mRNAs associated with a favorable or poor survival prognosis in bladder cancer were identified. The 596 mRNAs were functionally enriched in GO terms spanning the biological process (BP), molecular function (MF) and cellular component (CC) categories, and KEGG pathways, which showed relatively significant terms, such as DNA conformation changes, protein-DNA complex, receptor regulator activity and transcription factor activity (Figures 1B–D). Transcriptional misregulation in a cancer pathway was identified to be significant and found to involve 16 genes: HIST1H3D, HIST1H3B, HIST1H3F, HIST2H3D, CSF2, TLX3, HIST1H3A, HIST1H3E, IGFBP3, ETV7, WNT16, SLC45A3, GADD45A, ID2, TSPAN7, NFKBIZ, and IGF1.




Figure 1 | Differentially expressed genes in TCGA dataset, and pathway enrichment of TSPAN7. (A) Volcano plot visualizing the all differentially expressed genes in TCGA dataset, (B) GO enrichment, (C) KEGG pathway, and (D) Transcriptional misregulation in cancer.





TSPAN7 Downregulation in BCa Tissue Specimens and Cell Lines

We first assessed TSPAN7 mRNA expression in BCa tissue samples compared to normal tissue samples (Figures 2A, B) and in cell lines (Figure 2C). qRT-PCR showed that TSPAN7 mRNA was significantly higher in the normal bladder tissue specimens than in the BCa tissue specimens. The same result was found in Western blot (Figures 2D, E) of the BCa samples and cell lines. IHC staining results (Figure 2F) showed that the protein level of TSPAN7 was increased in normal bladder tissue specimens.




Figure 2 | TSPAN7 was downregulation in BCa patients and cell lines. (A, B) TSPAN7 mRNA expression in BCa tissue samples was lower than in normal tissue. (C) TSPAN7 mRNA was significantly downregulation in BCa cell lines (T24, 5637, EJ) compared with the normal bladder epithelial cell line (SV-HUC-1). (D) In Western blot, TSPAN7 showed a higher expression in normal tissue. (E) In Western blot, TSPAN7 showed a higher expression in normal bladder epithelial cell line. (F) Immunohistochemistry (IHC) showed the protein level of TSPAN7 was increased in normal bladder tissue. Scale bars, 100μm. **p<0.01.





Associations of TSPAN7 Expression With The Clinicopathological Features and Survival of Bladder Cancer Patients

As shown in Table 1, TSPAN7 expression was associated with tumor stage (p=0.01) and tumor grade (p=0.03) in BCa. However, no relationships were found between TSPAN7 expression and other clinical features, such as patient sex (p=0.68), age (p=0.41), tumor size (p=0.67), and tumor multiplicity (p=0.87), lymphnodes status (p=0.53). We then analyzed data from UCSC for patient overall survival and found that reduced TSPAN7 expression was significantly associated with poor overall survival (Figure 3).


Table 1 | Correlation between TSPAN7 expression and clinical features of patients.






Figure 3 | (Table 1) Association between TSPAN7 expression and clinicopathological features of human bladder cancer. (Figure 3) TSPAN7 expression was significantly associated with poor overall survival from UCSC.





TSPAN7 Is Negatively Correlated With BCa Cell Proliferation, Viability, and Migration In Vitro

Our current data demonstrated that TSPAN7 expression was reduced in BCa tissue and cell lines and that TSPAN7 downregulation was associated with poor overall survival. We further assessed whether changes in TSPAN7 expression could affect BCa cell malignant behaviors. qRT-PCR (Figure 4A) and Western blot (Figures 4B, C) data confirmed that the expression of TSPAN7 was upregulated in pcDNA-TSPAN7 groups compared with pcDNA-vector groups. We then found that overexpression of TSPAN7 inhibited cell proliferation (Figure 4D). BCa cell colony formation assays showed that TSPAN7 overexpression reduced the number of BCa cell colonies (Figure 4E). Transwell invasion (Figure 4F) and wound-healing assays (Figure 4G) verified that TSPAN7 overexpression inhibited BCa cell invasion.




Figure 4 | Overexpression of TSPAN7 repressed BCa cell proliferation and migration. (A) Verification of TSPAN7 overexpression efficacy at the mRNA level in T24, EJ, 5637 cells. (B, C) Verification of TSPAN7 overexpression efficacy at the protein level in T24, EJ, 5637 cells. CCK-8 assays (D) and colony formation assays (E) showed that TSPAN7 overexpression decreased the proliferation capacity. Transwell invasion (F) and wound-healing assays (G) showed that TSPAN7 overexpression attenuated cell migration ability *P < 0.05; **P < 0.01.





Effects of TSPAN7 on BCa Cell Apoptosis In Vitro

Next, we determined the effects of TSPAN7 overexpression on BCa cell apoptosis. We found that the percentage of apoptotic cells was significantly higher in pcDNA-TSPAN7 groups than in pcDNA-vector groups (Figure 5A). Western blot data further showed that the expression of cleaved caspase-3 and Bax was upregulated, whereas that of Bcl-2 was downregulated in the pcDNA-TSPAN7 groups (Figures 5B, C).




Figure 5 | TSPAN7 overexpression promotes the apoptosis of BCa cell. (A) Quantitative flow cytometry measurements of apoptosis in T24, EJ, 5637 cells. (B, C) TSPAN7 overexpression upregulated the expression of cleaved caspase-3 and Bax whereas that of Bcl-2 was downregulated. **p<0.01 vs. the control group. All the above data are the mean ± SD from an average of three experiments.





Effects of TSPAN7 on BCa Cell Cycle Arrest In Vitro

Moreover, TSPAN7 overexpression in 5637, EJ, and T24 cells increased the proportion of cells in the G1 phase compared to control expression (Figure 6A). Western blot data showed that CDK2 and cyclin E expression was downregulated in pcDNA-TSPAN7 groups compared to pcDNA-vector groups (Figures 6B, C). These findings suggested that TSPAN7 overexpression induced cell cycle arrest in the G1 phase of the cell cycle.




Figure 6 | (A) TSPAN7 overexpression induced cell cycle arrest at the G1/S phase. (B) CDK2 and cyclin E expression was downregulated in pcDNA-TSPAN7 groups. (C) Densitometry analysis of western blots showed quantitation of Cyclin E and CDK2 levels. *p<0.05.





TSPAN7 Inhibits Proliferation in BCa Cell Lines Through The PTEN/PI3K/AKT Pathway

Transactivation of PI3K/AKT can cause different biological activities, such as inflammation, immunity, cell growth, tumorigenesis, and apoptosis (17–19). In this study, we measured PI3K/AKT expression and activity in pcDNA-TSPAN7 and pcDNA-vector groups. We found that TSPAN7 overexpression in BCa cells downregulated the expression of p-PI3K and p-AKT, and upregulated the expression of PTEN, whereas pcDNA-vector did not impact these proteins (Figures 7A, B).




Figure 7 | TSPAN7 inhibits proliferation in BCa cell lines via PTEN-PI3K/AKT pathways. (A, B) TSPAN7 overexpression in BCa cells downregulated the expression of p-PI3K and p-AKT, and upregulated the expression of PTEN. (C, D) In Western blot, AKT agonist SC79 could reverse the effect of TSPAN7 overexpression on T24 cells and PTEN inhibitor VO-Ohpic trihydrate caused the similar effect on pcDNA-vector T24 cells. (E–G) In the presence of SC79, the proliferation, migration and invasion of pcDNA-TSPAN7 T24 cells were clearly elevated and inhibition of PTEN in T24 cells distinctly decreased cell growth, migration and invasion. *P < 0.05 vs. the corresponding NC cells. All the above data are the mean ± SD from an average of three experiments.



Then, we assessed whether the AKT agonist SC79 could reverse the effect of TSPAN7 overexpression on T24 cells. We also used PTEN inhibitor VO-Ohpic trihydrate to verify whether it caused the similar effect on pcDNA-vector T24 cells. The p-AKT levels in T24 cells were significantly elevated after SC79 treatment, and PTEN expression was markedly suppressed after VO-Ohpic trihydrate treatment (Figures 7C, D). Compared with no treatment, treatment of cells with SC79 or VO-Ohpic trihydrate dramatically produced opposite effects on the levels of these proteins. These findings indicated that SC79 partly reversed the inhibitory effect of TSPAN7 overexpression on T24 cells and that VO-Ohpic trihydrate showed an effect similar to that of TSPAN7 overexpression. To investigate the role of the PTEN/PI3K/AKT pathway in TSPAN7-mediated cell proliferation, migration and invasion, we performed rescue experiments also. In the presence of SC79, the proliferation, migration, and invasion of pcDNA-TSPAN7 T24 cells were clearly elevated. Similarly, inhibition of PTEN in T24 cells distinctly decreased cell growth, migration and invasion (Figures 7E–G). Altogether, these results confirmed that TSPAN7 inhibited the PTEN/PI3K/AKT pathway upstream of AKT and downregulated PTEN/PI3K/AKT pathway activation.



Overexpression of TSPAN7 Suppresses BCa Cell Growth In Vivo

To confirm the inhibitory effects of TSPAN7 in vivo, we subcutaneously injected pcDNA-TSPAN7 or pcDNA-vector T24 cells into nude mice. We found significant differences in T24 cell xenograft formation, growth and weight between the two groups (Figures 8A, B). The size of tumor xenografts was larger in the pcDNA-vector T24 cell group than in the pcDNA-TSPAN7 groups. IHC showed that Ki67 expression was significantly downregulated in pcDNA-TSPAN7 T24 tumors compared to pcDNA-vector tumors (Figure 8C). Next, TUNEL staining validated that apoptotic cell numbers were increased in the pcDNA-TSPAN7 groups compared with the pcDNA-vector groups (Figure 8D). These results suggest that TSPAN7 suppresses tumor growth in vivo.




Figure 8 | Anti-tumor effects of in vivo. (A) Mean tumor volume at each time point. (B) Morphology of the subcutaneous implanted tumor. (C) Immunohistochemistry (IHC) was performed to detect the protein of Ki67 in the tumor tissue. (D) A TUNEL assay was performed to detect the apoptotic cells in the tumor tissue. *P < 0.05 vs. the control. All the above data are the mean ± SD from an average of three experiments.






Discussion

In the present study, we showed that the expression of TSPAN7 in normal bladder tissue and cells was significantly higher than that in BCa tissue and cells. Furthermore, high expression of TSPAN7 was negatively correlated with a high T stage and tumor grade in BCa. The survival of patients with high expression of TSPAN7 was superior to that of those with low expression. Moreover, TSPAN7 overexpression inhibited BCa cell proliferation, cell cycle progression, invasion, and apoptosis.

TSPAN7 is a member of the transmembrane 4 superfamily, also called the tetraspanin family, which includes proteins characterized by four transmembrane domains, with one short and one large extracellular loop (20). Previous studies have found that in cerebellar granule cells, TSPAN7 promotes axonal branching, and the size of TSPAN7 clusters is increased by downregulation of IGSF3 expression, which might be at the center of a new signaling pathway controlling brain development (21). In oral tongue squamous cell carcinoma, differential methylation of TSPAN7 was found to be predictive of certain clinical and epidemiologic parameters (22). There is also research suggesting that TSPAN7 plays an important role in the cytoskeletal organization required for the bone-resorbing function of osteoclasts by regulating signaling to Src, Pyk2, and microtubules (23). Lee SA disclosed a previously uncharacterized role for TSPAN7 in the regulation of the expression and functional activity of the dopamine D2 (DRD2) receptor, which was implicated in multiple neurologic and psychiatric disorders by postendocytic trafficking (24). In clear cell renal cell carcinoma (CCRCC), relatively high TSPAN7 expression in primary tumor cells is not associated with patient outcomes (25). However, increased TSPAN7 expression in CCRCC lung metastases is associated with prolonged metastasis-free survival (11). To the best of our knowledge, this is the first study to identify elevated TSPAN7 expression in BCa. Our study provides the first genetic evidence that TSPAN7 plays a critical role in BCa tumorigenesis. Analyses of clinicopathological features showed that TSPAN7 was an independent prognostic factor of BCa that was significantly correlated with T stage and tumor grade, and low expression of TSPAN7 predicted a poor prognosis (OS) in BCa patients. According to our transcriptomic analysis, the mRNA expression of TSPAN7 was strongly downregulated in BCa tissue samples versus adjacent tissue samples, in accordance with the results from our TCGA database and qRT-PCR analyses. Consistent with the TCGA database analysis, the downregulation of TSPAN7 expression at both the transcriptional and translational levels in tumor specimens predicted high malignancy and a poor prognosis in BCa patients. Our results showed that overexpression of TSPAN7 inhibited BCa cell growth, migration and invasion in vitro and in vivo.

Furthermore, our findings revealed that overexpression of TSPAN7 could induce BCa cell apoptosis with caspase 3 cleavage and elevate the Bax/Bcl-2 ratio, indicating a potential role for TSPAN7 in facilitating apoptosis. The intrinsic apoptotic pathway (mitochondria-dependent) activated in response to different stress conditions is mediated by intracellular signals that converge at the mitochondrial level (26). The Bcl-2 family regulates both proapoptotic and antiapoptotic pathways controlling MOMP alteration (27). Therefore, Bcl-2 family proteins serve as an “apoptotic switch” by mediating permeabilization of the mitochondrial membrane (28). The balance and interactions among Bcl-2 family members can determine whether a cell survives or undergoes apoptosis. While antiapoptotic proteins regulate apoptosis by blocking the mitochondrial release of cytochrome c, proapoptotic proteins act by promoting this release. Activation of the Bcl-2 family (Bax and Bak) neutralizes the antiapoptotic proteins Bcl-2 and Bcl-xL, leading to disruption of mitochondrial membrane outer membrane permeability (MOMP) so that proteins such as cytochrome-c, which plays a crucial role in activating mitochondrial-dependent death, are released into the cytosol (29). Then, cytochrome-c triggers the formation of apoptosomes, which recruit initiator pro-caspase-9 to the caspase recruitment domain (CARD), resulting in autoactivation and proteolysis (30). Then, the process activates downstream executors, such as caspase-3, caspase-6 and caspase-7, for cleavage of cellular substrates, leading to apoptotic cell death (31).

Next, a series of gain-of-function assays was performed to elucidate the regulatory functions of TSPAN7 in BCa cells. Overexpression of TSPAN7 demonstrated a marked inhibitory effect on BCa cells by reducing proliferation, attenuating cell migration and inducing G1/S cell cycle arrest. Furthermore, Western blot analysis indicated that overexpression of TSPAN7 interfered with G0/G1 phase-related proteins, such as CCNA1/2, CCND1, and CDK2/4. Cancer often represents a pathological manifestation of uncontrolled cell division and cell cycle dysregulation. In mammalian cells, the G1-to-S phase transition requires the formation of cyclins D and E and activation of the cyclin D-CDK4/6 and cyclin E-CDK2 complexes (32). These proteins phosphorylate and inactivate Rb to release E2F, which mediates transcriptional activity. Then, the cell cycle will enter the S phase (33). The G2-to-M phase transition requires the activation of the cyclin B-CDK1 complex via the dephosphorylation of CDK1 (34). CDK2 promotes S phase initiation via the formation of functional cyclin A and cyclin E complexes (35). Upregulation of CDK2 expression can be found in various solid tumors and is closely related to the development of tumors (36). In the present study, TSPAN7 was found to have a close relationship with CDK2, which binds to cyclin E to initiate the G1-to-S phase transition. This is accord with other studies (37, 38).

Phosphatase and tensin homolog (PTEN) is a tumor suppressor gene that was discovered in 1997 (39). It has been proven that the protein encoded by PTEN has protein phosphatase and lipid phosphatase activities, which can regulate a complex network dependent on phosphatase or nonphosphatase activity to affect cell biological functions (40–42). The frequent loss of heterozygosity, the inverse correlation between PTEN dose and tumorigenicity and the variety of PTEN regulatory mechanisms suggest that altering PTEN levels in cells may affect tumor progression, including that of thyroid, breast, and prostate cancer (41, 43–46). PTEN antagonizes growth factor-stimulated PI3K/AKT signaling by converting PIP3 to PIP2. PTEN dephosphorylates phosphatidylinositol 3,4,5-triphosphate (PIP3) and attenuates the activity of class I phosphatidylinositol 3-kinase (PI3K), which mediates survival factor signaling through PI3K effectors, such as AKT and mTOR (47). A previous study also indicated that PTEN is a tumor suppressor in the progression of cancers that functions by negatively regulating the PI3K/AKT signaling pathway (48). It has also been reported that, the activation of PI3K/AKT signaling, as a significant cancer-promoting pathway, blocks cellular apoptosis and accelerates cell proliferation via the activation of PTEN (49). Our present study was in accordance with the results of the aforementioned studies. We found elevated expression levels of PTEN and cleaved Caspase-3 but reduced expression levels of p-PI3K and p-AKT in the pcDNA-TSPAN7 group compared to the control group.

Finally, we established a xenograft tumor model using nude mice and demonstrated that TSPAN7 inhibited tumorigenesis in vivo.

In conclusion, we have shown, for the first time, the tumor-inhibiting effects of TSPAN7 on human BCa. TSPAN7 acts as a biomarker to predict the survival of BCa patients and the malignancy of tumors. TSPAN7 could be an oncogene that promotes apoptosis and inhibits tumor growth and cell cycle progression in BCa via the regulation of multiple key components of the PTEN/PI3K/AKT pathway. Specifically, it would be worthwhile to investigate whether restoring TSPAN7 expression can be a novel therapeutic strategy for BCa.
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Introduction

Cabozantinib (XL-184) is a small molecule inhibitor of the tyrosine kinases c-Met, AXL, and VEGFR2 that has been shown to reduce tumor growth, metastasis, and angiogenesis. After the promising results from the METEOR and CABOSUN trials, cabozantinib was approved for use in the first- and second-line setting in patients with advanced RCC. Previously, targeted therapies have been used in the neoadjuvant setting for tumor size reduction and facilitating nephrectomies. The increased response rates with cabozantinib in metastatic renal cell carcinoma (mRCC), along with the other neoadjuvant TKI data, strongly support an expanded role for cabozantinib in the neoadjuvant setting.



Case Description

We report on a 59-year-old gentleman presenting with an unresectable 21.7 cm left renal cell carcinoma (RCC) with extension to soft tissue and muscles of the thoracic cage, psoas muscle, posterior abdominal wall, tail of pancreas, splenic flexure of colon, and inferior margin of spleen. Presurgical, neoadjuvant systemic therapy with cabozantinib was initiated for 11 months in total. Initially after 2 months of cabozantinib, magnetic resonance imaging (MRI) revealed a significant reduction (44.2%) in tumor diameter from 21.7 to 12.1 cm with decreased extension into adjacent structures. After 11 months total of cabozantinib, the corresponding MRI showed grossly stable size of the tumor and significant resolution of invasion of adjacent structures. After washout of cabozantinib, radical resection, including nephrectomy, was successfully performed without any major complications, either intra-operative or perioperative. Negative margins were achieved.



Conclusions

This is a report of neoadjuvant cabozantinib downsizing a tumor and enabling surgical resection in this patient with locally advanced RCC. Our findings demonstrate that neoadjuvant cabozantinib to facilitate subsequent surgical resection may be a feasible option for patients presenting with unresectable RCC.
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Introduction

Cabozantinib is a potent multikinase agent that inhibits, in addition to VEGF receptors, MET, and AXL, both of which are associated with resistance to VEGF-directed therapy. The METEOR phase 3 clinical trial results proved that treatment with cabozantinib increased overall survival, delayed disease progression, and improved the objective response compared with everolimus in advanced renal cell carcinoma (RCC) patients (1). These promising results led to initial approval of cabozantinib treatment for advanced renal cell carcinoma. In the CABOSUN phase 2 clinical trial, cabozantinib treatment demonstrated a significant clinical benefit in progression free survival and objective response rate over standard-of-care sunitinib as first-line therapy in patients with intermediate- or poor-risk metastatic RCC (2). Thus, recently, cabozantinib has been approved for use in the first- and second-line setting in patients with advanced RCC (3). Therefore, cabozantinib was selected to be administered for this patient with locally advanced RCC.

Targeted therapies, primarily inhibitors of the VEGF receptor tyrosine kinase and rapamycin pathways, have changed the management of advanced RCC. Over the past 10 years, studies have established efficacy and have led to approval of sorafenib, sunitinib, temsirolimus, everolimus, pazopanib, axitinib, and also cabozantinib. These agents have significantly improved progression-free survival, with certain therapies achieving a median overall survival of >2 years in advanced RCC patients (4, 5). Most recently, trials on novel multikinase inhibitors, such as cabozantinib, and PD-1 inhibitors, such as nivolumab, have demonstrated significantly prolonged progression free survival and increases in overall survival, compared to standard therapy in metastatic RCC patients (2, 3). Using these agents in the neoadjuvant setting has emerged as a treatment option for locally advanced RCC patients. Neoadjuvant therapy can potentially downsize advanced tumors, enabling surgical interventions when they may not otherwise have been feasible or safe due to unresectable locoregional disease. We describe here, a patient presenting with initially unresectable locally advanced RCC treated with neoadjuvant cabozantinib, downsizing the tumor and enabling surgical resection.



Case Description

A 59-year-old man with an Eastern Cooperative Oncology Group (ECOG) status of 0 presented with a left renal mass in March 2018. Computed tomography (CT) scans of the chest, abdomen, and pelvis revealed a locally invasive 21-cm left renal mass inseparable from the soft tissue of the thorax, psoas muscle, posterior abdominal wall, tail of pancreas, splenic flexure of colon, and inferior margin of spleen with no evidence of nodal involvement or metastatic disease. In April 2018, magnetic resonance imaging (MRI) supported these findings showing a 21.7 cm renal mass invading the renal hilum and adjacent structures described above (Figure 1A). In April 2018, patient underwent a CT-guided renal biopsy that confirmed renal cell carcinoma (RCC). The tumor was deemed unresectable at our multidisciplinary genitourinary tumor board, and systemic treatment was recommended. In April 2018, patient was seen in genitourinary medical oncology clinic, and cabozantinib 60 mg daily was started. In June 2018, after 2 months of treatment, MRI revealed a significant decrease in tumor size from 21.7 to 12.1 cm with marked decrease of extension into the psoas muscle, posterior abdominal wall, tail of the pancreas, splenic flexure of the colon, and inferior margin of the spleen (Figures 1 and 2). After 11 months of therapy, the corresponding MRI showed grossly stable size of the tumor but resolved invasion of adjacent structures (Figures 1C, 2, and 3).




Figure 1 | Coronal T2 weighted MRI at baseline (A) demonstrates a large 21.7 cm mass (white arrows) replacing the entire left kidney with central areas of necrosis. After just 2 months of cabozantinib therapy (B), the mass had decreased to 12.1 cm (white arrows). After 12 months of cabozantinib (C), the mass was stable in size.






Figure 2 | Axial T1 weighted MR with contrast at baseline (A) demonstrates tumor invasion into the intercostal space (red arrowhead) and neovascularity (white arrow). By 2 months of therapy (B), the invasion has retracted (red arrowhead). By 12 months (C), the invasion has resolved and vascularity has decreased significantly.






Figure 3 | Trend of tumor diameters, from MRIs, during cabozantinib therapy.



During cabozantinib therapy, the patient developed hypertension, secondary to cabozantinib, which was well controlled with lisinopril and amlodipine. Otherwise, there were no adverse events during drug therapy, besides mild hand-foot disease, and patient did not require any dose reduction. The patient was therefore scheduled for surgery after a 3-weeks washout from systemic therapy in March 2019.

In April 2019, patient underwent en bloc left radical nephrectomy, left adrenalectomy, retroperitoneal lymph node dissection, omentoplasty, distal pancreatectomy, splenectomy, and resections of quadratus lumborum, left psoas muscle, left crus muscle, and diaphragm with negative margins. Final pathology confirmed a 13.7 cm T4N0M0 grade 3 clear cell renal cell carcinoma invading the renal vein, renal sinus fat, perinephric fat, and psoas/diaphragm muscle and surgical margins were negative (Figure 4). The patient was discharged in a stable clinical status 9 days after surgery. When we wrote this report, the patient was still alive and well, and no evidence of recurrence on imaging.




Figure 4 | Clear cell renal cell carcinoma (white arrow) infiltrating into skeletal muscle (black arrow), representing psoas muscle and diaphragm. The background is fibrotic with extensive hemosiderin laden macrophages, possibly representing therapy related changes (H&E-10x).



Correlative studies were performed on resected tumor samples. Figure 5 shows this patient’s flow cytometry and pre-operative lab results compared to a cohort of renal cell carcinoma patients. The patient’s intraoperative sample was processed to obtain a single cell suspension, which was analyzed using flow cytometry. This allowed for enumeration of tumor infiltrating T lymphocytes (Figure 5A). The patient’s tumor had extremely few infiltrating CD8 T cells (0.061% CD8 T cells) (Figure 5B), which has been reported to suggest a poor prognosis (6). The patient’s neutrophil to lymphocyte ratio were within the first quartile of the cohort’s results (Figure 5C). His pre-operative C-reactive protein level and albumin level were within the second quartile (Figures 5D, E).




Figure 5 | (A) Flow cytometry gating scheme. Samples were gated to exclude doublets and cell aggregates and to include only single cells for further analysis. This single cell population was then gated to include only live, CD3+ cells, then to include only lymphocyte sized cells. These gates insured as pure of a T lymphocyte population as possible for further analysis. T lymphocytes were then divided into CD4+ and CD8+ populations. (B) Distribution of %CD8 of total cells by flow cytometry among a cohort of renal cell carcinoma patients, n = 198. (C) Distribution of pre-operative neutrophil to lymphocyte ratio among a cohort of renal cell carcinoma patients (n=74). (D) Distribution of pre-operative C-reactive protein level (mg/L) among a cohort of renal cell carcinoma patients (n=74). (E) Distribution of pre-operative albumin level (g/dl) among a cohort of renal cell carcinoma patients (n=76). (B–E) Patient of interest highlighted in red. Box plots show middle 50% with the median at the center and the whiskers extending to minimum and maximum values.



Correlative studies were also performed on the formaldehyde fixed paraffin embedded pathology specimens from the tumor resection. Immunofluorescence imaging showed sparse CD8 T cell infiltration in two distinct specimens from the resected tumor lesion (Figures 6A, B), consistent with flow cytometry results (Figures 5A, B). The presence of CD31+ endothelium throughout the tumor specimen was also evident on immunofluorescence imaging (Figures 6A, B). Interestingly, tertiary lymphoid structures (TLS) were identified in both specimens examined (Figures 6C, D), despite the paucity of CD8 T cells identified on flow cytometry and immunofluorescence imaging, which is consistent with a report that there does not appear to be a correlation between CD8 T cell infiltration and the presence of TLS in RCC tumors (6).




Figure 6 | (A, B) Immunofluorescence imaging illustrating sparse CD8 T cell infiltration (A, B, left) and presence of CD31+ endothelium (A, B, right) in resected tumor specimens (A representative. Mass, B mass to Gerota’s fascia). (C, D) Hematoxylin and eosin staining shows presence of tertiary lymphoid structures (highlighted in insets) (C representative mass, D mass to Gerota’s fascia).



Next generation sequencing testing was performed on intra-operative resected tumor samples. No microsatellite instability was detected. No genes with pathogenic or likely pathogenic alternations were detected in the sample. Of note, there were no mutations detected in MET, VHL, PBRM1, BAP1, SETD2, or RET. Immunohistochemistry results were positive for MLH1 (2+, 80%), MSH2 (2+, 90%), MSH6 (1+, 60%), and PMS2 (1+, 80%) and were negative for PD-L1 (SP142).



Discussion

We reported a patient presenting with initially unresectable locally advanced RCC treated with neoadjuvant cabozantinib, downsizing the tumor, and enabling surgical resection. This case study demonstrates important points about cabozantinib for patients with advanced RCC.

In patients presenting with initially unresectable advanced RCC, neoadjuvant cabozantinib may be of benefit for downsizing tumors to enable surgical resections that otherwise wouldn’t be possible. We also showed that this approach is feasible and safe prior to surgery. Reduction of tumor size was rapid, as the tumor diameter decreased by 44.2% after only 2 months of cabozantinib, a partial response on the Response Evaluation Criteria for Solid Tumors (RECIST). In the following 9 months, of 11 months total, of cabozantinib therapy, tumor size, appearance, and involvement of surrounding tissues remained stable. It has been suggested that one mechanism of cabozantinib’s efficacy is modulation of the immune microenvironment in the tumor (7–9), so it is interesting that this patient had a strong response to cabozantinib, despite a sparsely immune infiltrated tumor.

Although neoadjuvant therapy shows reduction of tumor size, it is yet not clear whether a prolonged survival can be achieved for patients. Several studies of neoadjuvant therapy for RCC have demonstrated consistent primary tumor size reduction to enable surgical resection (10–13). Rini et al. were the first to report response (28% median reduction in primary tumor size) of advanced primary renal tumors to treatment with neoadjuvant sunitinib. Of 28 patients with advanced RCC deemed unsuitable for initial nephrectomy, 13 (45%) were able to undergo nephrectomy following sunitinib (12). Emerging data from recent prospective phase II trials have also reported consistent tumor size reduction facilitating nephrectomies (13–16). In a literature review of neoadjuvant therapy to facilitate nephrectomy for locally advanced disease, Bindayi et al. found that 12 of 14 of the studies investigated neoadjuvant sunitinib or sorafenib (17). In a prospective phase 2 clinical trial, Karam et al. reported that axitinib, when given prior to surgery, resulted in significant shrinking of kidney cancers, facilitating surgical resections (13). Most recently, Roy et al. reported two patients with unresectable RCCs that were treated with cabozantinib, and achieved >50% tumor shrinkage which allowed surgical resection (18).

In summary, we present a patient with locally advanced RCC, treated with neoadjuvant cabozantinib downsizing a tumor and enabling surgical resection in this patient. Our findings demonstrate that neoadjuvant cabozantinib to facilitate subsequent surgical resection may be a feasible option for patients presenting with unresectable RCC. There is still a need for more effective neoadjuvant agents that might improve outcome of kidney cancer patients. Currently, we are conducting a neoadjuvant cabozantinib clinical trial at our institution (NCT04022343), with multiple correlative studies to facilitate identification of the patients most likely to respond.
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Purpose

This study aimed to evaluate the clinical utility of 18F-PSMA-1007 positron emission tomography (PSMA PET)/magnetic resonance imaging (MRI) imaging in patients with suspected or defined prostate cancer.



Methods

In the pilot study, we retrospectively investigated 62 patients who underwent PSMA-PET/MRI for suspected or defined PCa between June 2019 and June 2020. Patients were grouped into three subgroups: (1) suspected PCa without histological evidence, (2) primary PCa, (3) biochemical recurrent prostate cancer (BRPCa). Two nuclear physicians independently interpreted the results of PSMA-PET/MRI. Management strategies before PSMA-PET/MRI were retrospectively reported, and the management strategy was re-evaluated for each patient considering the PSMA-PET/MRI result. The changes in strategies were recorded. Besides, the correlation between prostate specific antigen (PSA) level and management changes was also accessed by Fisher exact test, and two-side p < 0.05 was assumed as statistical significance.



Results

There were 28 patients in the suspected PCa group (group 1), 12 in the primary PCa group (group 2), and 22 in the BRPCa group (group 3). Overall, the intended decisions were changed in 26 (41.9%) of 62 patients after PSMA-PET/MRI, including 11/28 (39.3%) in suspected PCa group, 1/12 (8.4%) in primary PCa group, and 14/24 (63.6%) in BCR group. In group 1, the main impact on subsequent management included decreased active surveillance (from 20 to 9) and increased prostate biopsy (from 8 to 19). PSA levels were not significantly associated with management changes in suspected PCa patients (p = 0.865). In group 2, the main impact on subsequent management included decreased radical surgery (from 8 to 7), and multimodal therapy appearance (n = 1). Only in the category of PSA levels of ≥20 ng/ml, the management of primary PCa was changed. In group 3, the main impact on subsequent management included decreased salvage radiotherapy (from 5 to 2), increased systemic therapy (from 6 to 7), and increased multimodal therapy (from 11 to 13). The highest proportion of management changes occurred in BCR patients with 0.5≤PSA<1 ng/ml.



Conclusion

From our preliminary experience, PSMA-PET/MRI may be a valued tool for defining PCa lesions and changing management. The biggest impact of management intent was in patients with BRPCa, especially in patients with 0.5≤PSA<1 ng/ml. However, further studies are needed to confirm our pilot findings.
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Introduction

Prostate cancer (PCa) is the most frequent malignancy in men in the western world (1). In China, though lower incidence rate, significantly increased incidence and mortality of PCa are worth to rise our guard (2). Multi-parametric magnetic resonance imaging (mpMRI) is a standard imaging technique in the field of PCa, and confirmed its value in improving the detection of clinically significant PCa (csPCa) and guiding prostate biopsy (3). However, missed diagnoses of PCa and unnecessary biopsies are still unavoidable (4). For primary PCa, localized or locally advanced PCa is mainly treated with radical prostatectomy (RP), while metastatic PCa require systemic treatment via androgen deprivation therapy (ADT) or chemotherapy. Nevertheless, exact local and whole-body staging in a single investigation remains a challenge with conventional imaging techniques. Additionally, after primary treatment, increasing serum PSA levels greater than 0.2 ng/ml, confirmed by two consecutive measurements, can be defined as biochemical recurrence (BCR). In patients with recurrent disease, accurate evaluation of recurrence location and whole-body tumor burden are essential in patient-specific therapy planning. However, conventional imaging modalities including CT, bone scan, MRI, and more recently choline-PET/CT are all typically negative at low PSA values (5).

To solve this challenging issue, a new molecular imaging technique named prostate specific membrane antigen (PSMA) PET was introduced into clinical practice. This new PET tracer relies on the highly specific expression of PSMA by PCa cells. PSMA is a transmembrane type II glycoprotein, overexpressed in PCa cells, and increased with higher grades, metastasis development, and disease recurrence (6). A series of studies have indicated the priority of this new technique over conventional imaging in the field of primary staging and recurrence location (7). MRI provides much better soft tissue contrast and shows a higher sensitivity in detecting bone metastases in PCa. A combined approach with PSMA PET and mpMRI is capable of acquiring PET and MR data simultaneously or sequentially in a single examination. A potential added value of PSMA PET/MRI can be expected in prostate cancer. Recent studies suggested that PSMA-PET/MRI can provide superior detection efficacy as well as a considerable impact on decision-making (8). Sangwon Han et al. reviewed all studies assessing the impact of PSMA PE/CT and PET/MRI in patients with PCa, and found the proportion of management changes was 54% (9). To our knowledge, the impact of PSMA PET/MRI on the management has not been determined in patients with defined PCa. Moreover, its impact regarding changes in decision-making for patients suspected of PCa has not been assessed. It is important to evaluate the role of PSMA PET/MRI in management changes for wide acceptance of this new technology by referring physicians in clinical practice.

We initially performed simultaneous 18F-PSMA-1007 PET/MRI in patients with suspected PCa, primary PCa, and BRPCa patients, and investigated its impact on decision-making. Besides, we explored the potential association between PSA levels and management change.



Material and Methods


Patients and Methods

Patients were retrospectively identified and grouped into three subgroups: group 1 comprised patients with suspected PCa (PSA level >4 ng/ml, and/or digital rectal examination abnormality, and/or positive imaging); group 2 included men undergoing primary staging for primary PCa; group 3 comprised patients undergoing imaging for BCR with PSA levels greater than 0.2 ng/ml. Other inclusion criteria: age between 18 to 85 years, ability to understand study procedures, and volunteering to participate in this study. Exclusion criteria were acute prostatitis, the presence of any other concomitant cancers, PSA values less than 0.2 ng/ml, and transurethral resection of prostate (TURP) history. The study was approved by the Ethics Committee of Shanghai Ruijin Hospital (Approved No. 2019-18), and written informed consent was obtained from all patients.

Patient-related clinical information was collected by a urologist with more than 3 years’ experience. Serum PSA levels were recorded closest to the scan. Two records of PSA value for each BRPCa patient within a 12-mo period before the scan were applied to calculate PSA doubling time (PSADT). A questionnaire was adapted from Roach et al. (10) to record management plans before and after PSMA PET/MRI. Management strategies were decided by a multidisciplinary meeting (MDM) consisting of urologists, pathologists, radiologists, and nuclear medicine physicians. All patients underwent a simultaneous 18F-FDG PET and mpMRI before PSMA-PET/MRI examination. The initial management strategy was retrospectively decided by MDM discussion according to simultaneous 18F-FDG PET and mpMRI results. After PSMA-PET/MRI examination, each pre-planned strategy was modified according to the PSMA-PET/MRI result, and revised managements from MDM discussion were recorded. The impact of PSMA PET/MRI on management was measured as the proportion of patients whose treatment was changed from a previous plan.



Imaging Protocol and Interpretation

18F-PSMA-1007 was produced as described by Cardinale et al. (11). Each patient received an intravenous injection of 18F-PSMA-1007 with a median dose of 263 MBq (range 164-353 MBq), then a PET/MRI examination was performed from the vertex to mid-thighs after 60 min of tracer uptake time using an integrated PET/MRI system (Biograph mMR, Siemens Healthcare). All 18F-PSMA-1007 PET/MRI images were analyzed independently with dedicated software (Syngovia version VB 10, Siemens Healthcare). In line with published literature, any focal uptake of 18F-PSMA-1007 ligand higher than the surrounding background without correspondence to physiologic uptake was considered positive. Two experienced nuclear medicine physicians (M.Z., B.L.) interpreted the 18F-PSMA-1007 PET/MRI images, and disagreements were resolved by consensus.



Management Decision Review

Based on the NCCN guidelines strictly, both the initial management plan and the revised management plan were made by MDM discussion (two urologist, one pathologist, one radiologist, and two nuclear medicine physicians), and all disagreements were resolved by consensus. For patients with suspected PCa, management decisions were categorized as active surveillance (AS) and prostate biopsy. A prostate biopsy was suggested for patients with elevated PSA levels (more than 4 ng/ml), or digital rectal examination abnormality, or positive imaging. For defined PCa patients, management decisions were categorized as active surveillance (AS), surgery (radical prostatectomy with or without pelvic lymph nodes dissection), salvage radiotherapy (sRT), systemic therapy (anti-androgen therapy or chemotherapy), and multimodal therapy (more than one type of the therapies mentioned above). Radical prostatectomy (RP) was a standard therapy for primary localized or locally advanced PCa. Systemic therapy was considered when patients with positive lymph nodes (LNs) out of pelvic and/or distant metastases in patients with primary PCa. For BRPCa patients, when the imaging was negative, AS, sRT, or ADT were selected according to clinical treatment history or doctor’s experience. Systemic therapy or multimodal therapy was considered when imaging was positive. Additionally, simultaneous integrated boost intensity-modulated RT (SIB-IMRT) was considered when imaging was positive in the prostate bed or pelvic LNs. Stereotactic body radiotherapy (SBRT) is also considered as an option in oligometastatic patients.



Statistical Analysis

All the demographic and clinical data were assessed by descriptive analysis. For continuous variables, medians and interquartile range (IQR) were reported. For categorical variables, counts and percentages were calculated. PSADT was calculated according to the method described by Khan et al. (12). All analysis was assessed using SPSS software (version 22.0.0, IBM Corp., Armonk, NY, USA) and R 3.6.2 framework. Relationships between clinical variables and positive rates or management change accessed by Fisher’s exact test, and two-side p < 0.05 was assumed as statistical significance.




Results


Patient Characteristics

From June 2019 to June 2020, 62 consecutive patients who underwent PSMA-PET/MRI were retrospectively identified. The basic information of patients was summarized in Table 1. There were 28 patients in group 1 with median age of 63.5 years (IQR 60.5–68.0 years), and median PSA level of 9.8 ng/ml (IQR 6.5–13.1). Fifteen (53.6%) patients in group 1 had received a prostate biopsy in the past. There were 12 patients in group 2 with median age of 68.5 years (IQR 64.5–73.8 years), and median PSA level of 29.9 ng/ml (IQR 7.0–100.7). Four patients in group 2 had distant metastasis. Moreover, five patients in group 2 were receiving ADT at PET/MRI. There are 22 patients in group 3 with median age of 70.5 years (IQR 63.0–75.8 years), and median PSA level of 2.0 ng/ml (IQR 0.94–4.67). In 17 (77.3%) of 22 patients, the initial treatment was curative therapy, and in 5 (22.7%) of 22 patients, the initial treatment was ADT. There were 15 patients in group 3 were receiving ADT at PET/MRI, and 19 patients had ADT history. Management change details and follow-up information were presented in Table 2. A rose diagram shows the distribution of managements before PSMA PET/MRI, after PSMA PET/MRI, and implemented management in Figure 1. The management changes of each patient were detailed in Supplementary Figure 1.


Table 1 | Basic characteristics of patients.




Table 2 | Management before and after 18F-PSMA-1007 PET/MRI in patients with suspected PCa, primary PCa, and BRPCa.






Figure 1 | Rose diagram shows the distribution of managements before 18F-PSMA-1007 PET/MRI (initial management), after 18F-PSMA-1007 PET/MRI (revised management), and implemented management (actual management). Management decisions were categorized as active surveillance, prostate biopsy, localized therapy (surgery and salvageable pelvic radiotherapy), systemic therapy (anti-androgen therapy or chemotherapy), and multimodal therapy (more than one therapy type).





Changes in Suspected Prostate Cancer

18F-PSMA-1007 PET/MRI was positive in 17 (60.7%) patients and negative in 11 (39.3%) patients. 18F-PSMA-1007 PET/MRI resulted in a change of management in 11 (39.3%) patients. Before PSMA, 8 patients planned to perform prostate biopsy, and 20 patients planned to undergo AS. After 18F-PSMA-1007 PET/MRI, we suggested 19 patients perform prostate biopsy, and 9 patients to perform AS. In 27 suspected PCa patients with PSA data before PSMA PET/MRI, the positive rates were 0, 73, and 75% with PSA levels of <4 ng/ml, 4 ≤ PSA < 10 ng/ml, and PSA ≥ 10 ng/ml, respectively. The proportions of management changes were 0, 55, and 42% with PSA <4 ng/ml, 4 ≤ PSA < 10 ng/ml, and PSA ≥ 10 ng/ml, respectively (Figure 2). There was a significant association between PSA groups and PSMA positivity (p = 0.027). Higher PSA levels were not associated with decision-making changes (p = 0.865). A patient who shifted treatment was exemplified in Figure 3.




Figure 2 | Positive rates and management change proportions at different PSA levels in suspected PCa, primary PCa, and BRPCa.






Figure 3 | A patient treated with management change in suspected PCa. Images from a 59-year-old male with a PSA level of 7.07 ng/ml. No tumor detection within the prostate is achievable with T2-weighted or DWI sequence alone (A, B), but fused PET/MRI demonstrates tumor involvement of the left lobe (C, white arrow). The management plan was shifted from active surveillance to biopsy. The subsequent prostate biopsy confirmed Gleason 4 + 3 prostate cancer in the ipsilateral lobe.



Follow-up is available for a median of 5.5 months (range 4–15 months) in 28 suspected patients. Details of management implementation were given in Figure 1 and Table 2. There were 13 patients underwent biopsy (one patient have RP directly), 14 patients insisted on active surveillance, and one patient without pathological evidence underwent ADT directly, and was followed with decreased PSA level. Finally, seven patients were confirmed as PCa, six patients were negative for PCa. For the three positive patients who insisted on active surveillance, one patient had increased PSA (up to 13.8 ng/ml), one patient was lost, and one patient had stable PSA (19.2 ng/ml). For the 11 patients with negative PSMA PET/MRI, all of them selected AS, and no PCa was found till the last follow-up date. The follow-up PSA evolution and pathology evolution were detailed in Table 2.



Changes in Primary Prostate Cancer

18F-PSMA-1007 PET/MRI was positive in all primary patients and resulted in a change of management in 1 (8.3%) patient. One patient shifted management from RP with PLND to multimodal therapy because of the detection of oligometastatic lesions. As shown in Figure 2, No management changes occurred in patients with PSA less than 20 ng/ml. Only in the category of PSA levels of ≥20 ng/ml, the management of primary PCa was changed (14% of patients).

Follow-up is available for a median of 9 months (range 4–15 months) in 12 primary PCa patients. Details of management implementation and follow-up PSA evolution were given in Figure 1 and Table 2. PSMA PET/MRI identified localized or locally advanced PCa in seven patients, and PCa with distant metastases in five patients. In the seven patients without metastases, five patients underwent RP and the majority was followed with undetectable PSA level (defined as <0.008 ng/ml), one patient with advanced PCa was planned to underwent neoadjuvant complete androgen blockade (CAB) for 3 to 6 months, and one patient with life expectancy <5 years also received CAB therapy. In the five patients with distant metastases, four patients with systemic therapy was followed with decreased PSA level, one patient was treated with Chinese traditional medicine and was followed with decreased PSA level.



Changes in Biochemical Recurrent Prostate Cancer

In the BRPCa group, 18F-PSMA-1007 PET/MRI was positive in 20 (90.9%) of 22 patients. Fourteen (63.6%) of 22 patients changed management plans after the examination. In three patients with positive finding beyond pelvis, the initial pelvic radiotherapy was changed into multimodal therapy. One patient in the multimodal group shifted to systemic therapy, and the other 10 patients in multimodal therapy also had minor management changes (the combination of therapy types changed, or the same treatment types with more or less aggressive/extended approach), as exemplified in Figure 4. Finally, the number of patients of sRT decreased from 5 to 2, systemic therapy increased from 6 to 7, and multimodal therapy increased from 11 to 13. No patients with PSA values less than 0.5 ng/ml had positive imaging, and all patients with PSA values of ≥0.5 ng/ml had at least one positive lesion. Management change rate ranged from 0 to 100% for the several categories of PSA levels. The highest proportion of management change occurred in patients with 0.5 ≤ PSA < 1 ng/ml (Figure 2). Higher PSA levels were significantly associated with positive results (p = 0.004). There was no significant association between PSA and management change (p = 1.000). We also explored the relation between PSADT and positive rates or proportions of management change, though only 16 patients had sufficient information. From patients with PSADT levels of ≤3 months to >3 months, the positive rate decreased from 90.9 to 80.0% and the proportion of management change decreased from 63.6 to 40.0%. PSADT categories were not significantly associated with positive rates (p = 1.000) or proportions of management change (p = 0.596).




Figure 4 | A patient treated with management change in BRPCa. Images from 79-year-old male after radical prostatectomy (June 2018, Gleason score 4 + 4), following with combined androgen blockade therapy, and with PSA values rising to 0.375 ng/ml (August 2019). T2-weighted and DWI images show multiple suspicious nodes in the pelvis (B, C). However, maximum-intensity projection of 18F-PSMA-1007 PET and fused PET/MRI images show intense tracer-associated uptake in only two lymph nodes (A, D, red arrow). Management plan was revised from androgen deprivation therapy combined with external beam radiotherapy to salvage pelvic lymph nodes dissection in combination with external beam radiotherapy.



Follow-up is available for a median of 9 months (range 4–15 months) in 22 BRPCa patients. Details of management implementation were given in Figure 1 and Table 2. Two patients with negative 18F-PSMA-1007 PET/MRI results selected combined androgen blockade (CAB) therapy, as there was ongoing concern about regional recurrent disease due to a continuing rise in PSA, and finally achieved undetectable PSA level. In the 20 patients with positive PSMA-PET/MRI imaging, 7 patients underwent CAB therapy or ADT plus abiraterone therapy, and 13 patients underwent multimodal therapy. The majority of patients with multi-modal treatment received ADT and sRT except one patient who received salvage PLND combined with CAB therapy. The follow-up PSA evolution was detailed in Table 2.



Management Plans Remained After 18F-PSMA-1007 Positron Emission Tomography/Magnetic Resonance Imaging

Concerning the patients whose treatment plans were not revised after 18F-PSMA-1007 PET/MRI, group 1 included 17/28 patients, group 2 included 11/12 patients, and group 3 included 8/22 patients. In the suspected PCa group, nine patients with negative PSMA results remained AS, and eight patients met the criteria of biopsy and were suggested to perform prostate biopsy. In group 2, surgery was already planned in seven patients with localized PCa, and subsequent PSMA PET/MRI confirmed localized disease. Four patients with multiple metastases were unfit for focal treatment after the initial evaluation and then confirmed by the PSMA PET/MRI. In group 3, there were six patients with multiple metastasis remained systemic therapy, and two patients with both negative conventional imaging and PSMA-PET/MRI remained sRT. The plans that were not altered are presented in detail in Table 3.


Table 3 | Management plans that were not altered after 18F-PSMA-1007 PET/MRI.






Discussion

Accurate detection of tumor existence, tumor staging as well as the recurrent lesions is crucial for patients before initiation of any kind of management. PET/MRI has emerged as a promising molecular imaging technique being explored in the field of prostate cancer (9). Despite a relatively small sample size, we reports that 18F-PSMA-1007 PET/MRI could change the clinical decision‐making in 39.3% of suspected PCa patients, 8.4% of primary PCa patients, and 63.6% of BRPCa patients. Our results indicate that the biggest impact caused by 18F-PSMA-1007 PET/MRI on decision-making occurred in the BRPCa group, especially in patients with 0.5 ≤ PSA <1 ng/ml. A review of the literature shows that 27 studies also reported the impact of PSMA-PET on management in patients with primary PCa or BRPCa, but only one looked at primary PCa patients was based on PSMA-PET/MRI (Supplementary Table 1). To our knowledge, this is the first study to explore the impact of simultaneous 18F-PSMA-1007 PET/MRI on clinical management in suspected PCa, primary PCa, and BRPCa patients. Totally, we conducted a real-life clinical utility of 18F-PSMA-1007 PET/MRI in PCa field and it has been shown to be promising and useful tools in the clinical decision making of PCa patients, especially for BRPCa patients.


Changes in Suspected Prostate Cancer

In recent years, several small-scale reports have successively confirmed the application of PSMA-PET in suspected PCa. Especially, PSMA-PET guided prostate biopsy may be a valuable alternative to improve the detection rate of clinically significant prostate cancer (csPCa). Le-Le Zhang et al. included 60 patients with suspected PCa, 25 patients with positive results underwent PSMA-PET guided target biopsy. Finally, PCa and csPCa were detected in 21/60 (35.0%) and 20/60 (33.3%) patients, respectively (13). Chen Liu et al. investigated 31 suspected PCa patients with prior negative biopsy. All patients underwent PSMA PET-ultrasound fusion image-guided biopsy. Imaging was positive in 18 patients, and csPCa was detected in 12 of 31 patients (38.7%) (14). Lopci et al. prospectively observed 45 patients suspicious for prostate cancer. The cohort comprised men with equivocal mpMRI and at least one negative biopsy. Twenty-five patients (55.5%) with positive results underwent PSMA-PET guided prostate biopsy, and the detection rate of prostate cancer was 44% (15). In our study, 13/17 patients with positive results underwent biopsy (including one patient who underwent RP directly). Finally, seven (53.8%) and six (46.2%) patients were confirmed as PCa and csPCa (Gleason score 7 or greater), respectively. Compared with Lopci et al., we included three patients with positive MRI and only 15 of 23 (53.6%) patients had negative biopsy history, which may partly explain the high positive rates of imaging and pathology. After 18F-PSMA-1007 PET/MRI, there was an increase in the use of prostate biopsy and a decrease in the use of AS. Our results indicate that PSMA PET/MRI may improve the detection rate of PCa and avoid unnecessary biopsy.



Changes in Primary Prostate Cancer

Many published data confirmed the performance of PSMA PET regarding the detection of lymph node and distant metastases in staging before surgery. The treatment modification was due to the high sensitivity of the PSMA-PET for small distant metastatic spread. Kulkarni et al. prospectively investigated 50 patients with high-risk PCa. Of the 50 patients, 12 (24%) had management changed after PSMA PET/CT imaging (16). Hofman et al. designed a randomized phase 3 study, and recruited men with high-risk PCa in Australia, the result provided compelling evidence that PSMA-PET/CT conferred management change in 41/148 (28%) patients (17). In our study, PSMA-PET/MRI changed the clinical strategy in 8.3% of the patients with primary PCa, which was lower than Hofman’s and Kulkarni’s study. On the one hand, the number of the patient was quietly limited in this subgroup. On the other hand, we analyzed all primary PCa patients, rather than focused on high-risk PCa, as high-risk PCa is more likely to develop metastasis. This may underestimate the impact on management change. In our study, only one patient with PSA >20 ng/ml changed management after imaging, no management change happened in patients with PSA <20 ng/ml. However, Kulkarni et al. demonstrated that patients with PSA <20 ng/ml had more frequent management changes than PSA >20 ng/ml, which was contrary to ours. The relationship between PSA and management change in primary PCa is still inconclusive.



Changes in Biochemical Recurrent Prostate Cancer

Our study found that the biggest impact of management intent was in patients with BRPCa, with a 63.6% intended management change noted. We found that PSMA-PET/MRI detected no site of uptake in patients with PSA levels less than 0.5 ng/ml, whereas published literature described detection rates in the order of 45–60% (18). All patients with PSA levels of more than 0.5 ng/ml had positive images, suggested the great performance of 18F-PSMA-1007 PET/MRI. A meta-analysis showed the pooled detection rate of 18F-labeled PSMA PET/CT was 49% for PSA <0.5 ng/ml and 86% for PSA ≥0.5 ng/ml (19). There are two possible explanations for the different positive rates between meta-analysis and our reports. On the one hand, our patient number is too limited. On the other hand, the detection rates of PSMA PET in BRPCa patients influenced by many heterogeneous factors, such as received ADT before PSMA-PET, types of tracer (68Ga or 18F labeled), scan model (PET/MRI or PET/CT), or have undergone either RP and RT history. The impact of PSMA PET on the management in BRPCa patients has been widely evaluated. Overall management impact has been reported in the range from 51 to 76% (9, 20). In the present study, management change occurred in 63.6% BRPCa patients, which was comparable with other published studies. Moreover, the concomitant administration of ADT in patients, PET positivity, PSA levels, and PSADT had recently been reported as the most common heterogeneous source of management change. Our result suggested that management changes occurred mostly in patients with 0.5 ≤ PSA <1 ng/ml. For patients with PSA >1 ng/ml, there is a decreased trend of the proportion of management change in BRPCa patients. One possible explanation for the trend may be the advantage of PSMA-PET/MRI over conventional imaging is not obvious at a high recurrent PSA level, and the proportion of management change decreased. This finding was consistent with the EAU guideline, which suggested PSMA PET in BRPCa patients with lower recurrent PSA levels.

Previous studies on this new technology have mostly been based on 68Ga-PSMA-11 PET/CT, while studies focusing on 18F-PSMA-1007 PET/MRI were less numerous. Compared with 68Ga-labeled radiotracers, 18F-PSMA-1007 has a longer half-life, is easily available, and has significant hepatobiliary clearance (21). Therefore, 18F-PSMA-1007 PET/MRI may have advantages in detecting local recurrence and easily popularize in clinical practice. Our study evaluated changes between the intended management plan and the revised plan after PSMA PET/MRI, then indicated the clinical value of PSMA PET/MRI. However, a prior study suggested that the implanted management was quite different from the revised treatment plan (22). Studies evaluated the impact of this new technology on actual management is also necessary. Additionally, a cost-effectiveness analysis has to be addressed in a dedicated evaluation before clinical recommendation. Moreover, whether the treatment decision based on PSMA-PET/MRI is beneficial for longer or better survival have yet to be concluded. A multicenter phase III trial (SPPORT trial) in patients with BCR showed freedom-from-progression rate increased from 71.7% in patients who received prostate bed radiation alone to 89.1% in patients who received prostate bed radiation, pelvic lymph node radiation and short-term ADT (23). Such changes in practice could mean that PSMA-PET may add survival benefit when extra-pelvic oligometastatic lesions are detected which may benefit from targeted radiation (24). Further studies are warranted to elucidate whether the change of management will directly translate into survival benefit.

Some limitations of the present study should be noted. Firstly, the patient number is lower than previous studies, with a median patient number of 117 patients (range 15–431) per study, which affects the confidence of our results. However, we report a 41.9% of management change, which is comparable to previous studies (Supplementary Figures 2-3). This limitation can be explained by that only preliminary results from our institution are presented, and will disappear once our future larger prospective study is completed (ChiCTR2000036425). For the same reason, to date, no long-term follow‐up is available. Secondly, the lack of histological validation is a common limitation in imaging studies. Only a part of patients in suspected and primary PCa groups have pathological confirmation. We were unable to report confirmed pathological data in the BRPCa patients of PSMA-positive lesions due to ethical reasons. Certainly, our study was also limited by the retrospective nature. Finally, our patient cohort was heterogeneous. For one thing, we included patients of suspected PCa, primary PCa, and BRPCa. For another, types of initial treatments in BRPCa patients were also different (including curative and palliative therapy). Nonetheless, this showed a real-life situation that physicians always preferred to apply new imaging technology into different types of patients, and then the best appropriate indications were identified.




Conclusion

From our preliminary experience, PSMA-PET/MRI altered intended decision-making in 39.3% of patients with suspected PCa, 8.3% of patients with primarily diagnosed PCa, and 63.6% patients with BRPCa respectively. The biggest impact of management intent was in patients with BRPCa, especially in patients with 0.5 ≤ PSA <1 ng/ml. This result indicated that PSMA-PET/MRI could be a valued tool for defining lesions in the PCa field and making a personalized clinical decision. However, further larger studies are needed to confirm our pilot findings.
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Supplementary Figure 1 | Details of managements before 18F-PSMA-1007 PET/MRI, after 18F-PSMA-1007 PET/MRI, and implemented managements based on per patient. AS, active surveillance; RP, radical prostatectomy; sRT, salvage radiotherapy.

Supplementary Figure 2 | Summarize related literatures, regarding the positive rate and management impact of PSMA-PET in PCa patients. Our results were in line with previous studies.

Supplementary Figure 3 | Point diagram describes the positive rate and management impact of PSMA-PET in PCa patients at per study level.
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Hypoxia is a significant clinical feature and regulates various tumor processes in clear cell renal carcinoma (ccRCC). Increasing evidence has demonstrated that long non-coding RNAs (lncRNAs) are closely associated with the survival outcomes of ccRCC patients and regulates hypoxia-induced tumor processes. Thus, this study aimed to develop a hypoxia-related lncRNA (HRL) prognostic model for predicting the survival outcomes in ccRCC. LncRNAs in ccRCC samples were extracted from The Cancer Genome Atlas database. Hypoxia-related genes were downloaded from the Molecular Signatures Database. A co-expression analysis between differentially expressed lncRNAs and hypoxia-related genes in ccRCC samples was performed to identify HRLs. Univariate and multivariate Cox regression analyses were performed to select nine optimal lncRNAs for developing the HRL model. The prognostic model showed good performance in predicting prognosis among patients with ccRCC, and the validation sets reached consistent results. The model was also found to be related to the clinicopathologic parameters of tumor grade and tumor stage and to tumor immune infiltration. In conclusion, our findings indicate that the hypoxia-lncRNA assessment model may be useful for prognostication in ccRCC cases. Furthermore, the nine HRLs included in the model might be useful targets for investigating the tumorigenesis of ccRCC and designing individualized treatment strategies.
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Introduction

Renal cell carcinoma (RCC) causes more than 100,000 deaths per year (1). Although target therapy and immunotherapy have improved the prognosis of RCC patients (2), the 5-year survival rate remains less than 10%. Clear cell renal cell carcinoma (ccRCC) is the main subtype of RCC, accounting for 70–75% of all RCC cases (3). In clinical practice, the prognosis and treatment of ccRCC are primarily based on the tumor stage. However, the outcomes still vary among patients with the same tumor stage because of molecular heterogeneity (4). Therefore, it is vital to identify individualized biomarkers that can identify patients at high risk of death and help stratify patients for individual treatment to optimize the therapeutic effect.

Hypoxia refers to a reduction of oxygen availability at the cell level, including in tumors (5). As a significant clinical feature, hypoxia regulates various tumor processes, including angiogenesis, cell proliferation, invasion, apoptosis, and radiochemotherapy resistance (6). Hypoxia adaption is a key factor in tumor progression and has been proven to be a cause of treatment failure (7).

Long non-coding RNAs (lncRNAs) are untranslated RNAs of >200 nucleotides in length (8). They have recently attracted increasing research attention because of their involvement in several key molecular and biologic processes (9, 10). For example, lncRNAs regulate hypoxia-related tumor processes (11). In RCC, lncRNA-SARCC can regulate tumor cell proliferation through the androgen receptor/HIF-2α/C-MYC axis under hypoxia (12). lncRNA EGOT can also regulate autophagy under hypoxia in renal tubular cells (13). Therefore, a hypoxia-related lncRNA (HRL)-based prognostic model may be potentially useful in ccRCC.

As such, this study aimed to develop a HRL prognostic model for predicting the survival outcomes in ccRCC.



Materials and Methods


Data Source

Transcriptome expression profiles for patients with ccRCC were obtained from The Cancer Genome Atlas database ((TCGA), https://cancergenome.nih.gov/) on June 29, 2020 (14). The expressions were quantified with fragments per kilobase of exon per million reads mapped. The corresponding clinical information of the patients from whom the samples were obtained was also downloaded from the database, which included age, sex, tumor grade, tumor stage, and survival (Table 1). Patients with incomplete information or <30 days of data were excluded because they might have died because of acute complications, rather than of the cancer itself.


Table 1 | Baseline patient characteristics (n = 537).



Data on hypoxia-related genes were collected from the Molecular Signatures Database V7.2 (https://www.gsea-msigdb.org/gsea/msigdb, Hypoxia M10508, Hypoxia cancer M7547) (15). If the expression data of the gene are not detected in more than 50% of the samples, the gene is excluded. Immune infiltration data were collected from CIBERSORT (https://cibersort.stanford.edu/) (16), which contains abundances of 22 types of tumor-infiltrating immune cells, namely, naive B cells, memory B cells, plasma cells, CD8 T cells, naive CD4 T cells, resting memory CD4 T cells, activated memory CD4 T cells, follicular helper T cells, T cells regulatory, gamma delta T cells, resting NK cells, activated NK cells, monocytes, macrophages M0, macrophages M1, macrophages M2, resting dendritic cells, activated dendritic cells, resting mast cells, activated mast cells, eosinophils, and neutrophils.



Definition of Hypoxia-Related Long Non-Coding RNAs

Genes were identified as protein-coding genes or lncRNAs according to their Ensembl IDs. The lncRNAs were further screened via the Genecards database (https://www.genecards.org/) (17). We excluded the lncRNAs recognized as “Pseudogene,” “Uncategotized,” and “No results” in the database. Differentially expressed lncRNAs between the kidney and healthy renal tissue were identified via the differential-expression analysis using the R package “limma” (log2 fold-change [logFC] of >1 and an adjusted false-discovery rate [FDR] of <0.05) (18). Heatmaps and volcano plots were used to visualize the differentially expressed lncRNAs via the R package “pheatmap.” (19)

We then performed co-expression analysis between hypoxia genes and differentially expressed lncRNAs based on the Spearman correlation analysis (20, 21). LncRNAs with a Spearman correlation coefficient ≥0.4 and a P-value ≤0.001 were identified as HRLs.



Development of the Hypoxia Long Non-Coding RNA-Related Prognostic Model

All the samples were randomly divided into the training dataset and the 1st validation dataset at the ratio of 1:1. Then the samples were randomly divided into the 2nd validation dataset and 3rd validation dataset at the ratio of 3:7. The training dataset was used to construct the HRL-related prognostic model to predict the prognosis for ccRCC patients. Univariate Cox regression analyses were used to extract the hypoxia survival-associated lncRNAs via the R package “survival” (significant at P ≤ 0.01). A Cox proportional hazards model with a lasso penalty analysis was used to construct the HRL model with the optimal prognostic value via the R packages “glmnet” and “survival.” (22) The risk score of each sample was calculated based on the regression coefficients from the model and lncRNAs’ expression. The formula is below:

	

with “n” representing the number of lncRNA; “k,” the serial number of each lncRNA; coef, the coefficient value from the Cox proportional hazards analysis; and exp, the expression of the lncRNA (23).



Validation of the Model

The validation datasets were used to validate the predictive power of the HRL-related model. In each dataset, patients were assigned to the low- and high-risk groups based on the median risk scores. Kaplan–Meier survival curve analyses and log-rank tests were performed to evaluate the predictive power of the model for overall survival (OS), using the R package “survival” and “survminer.” Receiver operating characteristic (ROC) curves (24) and area under the ROC curves (AUC) were calculated to assess the accuracy of the model, using the R package “survivalROC.” An AUC of >0.75 was judged as excellent predictive value. Univariate and multivariate analyses via the R package “survival” were also performed to verify the independent prognostic predictors. The nomogram was plotted using the R package “rms.” (25)



Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) (version 4.0.1, http://www.broadinstitute.org/gsea) was performed to identify differences in the set of genes expressed between the low- and high-risk groups in the enrichment of Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) data. Gene set permutations were performed 1,000 times for each analysis.



Statistical Analysis

All statistical analyses were performed using the R software (version 3.6.1, http://www.R-project.org). The PERL programming language (version, 5.30.2, http://www.perl.org) was used to process data. The Wilcoxon signed-rank test was used for identifying differentially expressed lncRNAs and tumor-infiltrating immune cells. The Spearman correlation analysis was used for identifying HRLs. The Kaplan–Meier method and log-rank test were performed to compare the OS between the high- and low-risk groups.




Results


Hypoxia-Related Long Non-Coding RNAs in Clear Cell Renal Carcinoma

A total of 14,143 lncRNAs were extracted from the TCGA database. We identified 1,926 differentially expressed lncRNAs in renal cancer specimens (n = 539) and normal renal specimen (n = 72) (logFC of >1 and FDR of <0.05) (Figures 1A, B). Among these lncRNAs, 186 lncRNAs were excluded due to the lack of definition in the Genecards database.




Figure 1 | (A) Heatmap and (B) volcano diagram of the Wilcoxon signed-rank test showing the differentially expressed lncRNAs between clear cell renal carcinoma and normal tissue samples. The red, green, and black dots represent the upregulated lncRNAs, downregulated lncRNAs, and no difference, respectively.



Of the 137 hypoxia genes obtained from the Molecular Signatures Database V7.2, four genes (FGF3, LIN28B, MMP13, and TH) were excluded owing to a lack of over 50% expression information. In total, 598 HRLs were confirmed by co-expression analyses between hypoxia genes and differentially expressed lncRNAs (P ≤ 0.001, Spearman correlation coefficient ≥0.4).



Construction of Hypoxia Long Non-Coding RNA-Related Prognostic Model

After excluding patients without cancer or survival data, we merged the survival data with lncRNA expression data of each patient. We then divided the remaining patients into the training dataset (n = 255) and the 1st validation dataset (n = 252) at the ratio of 1:1 and divided the patients into the 2nd validation dataset (n = 153) and the 3rd validation dataset (n = 354) at the ratio of 3:7. The risk model was developed using the training dataset and validated using the validation datasets.

Univariate cox regression analyses were first performed for the hypoxia differentially expressed lncRNAs, and the results showed that 163 lncRNAs were significantly related to the OS of ccRCC (P ≤ 0.01). A Cox proportional hazards model with a lasso penalty analysis was further performed to construct the optimal risk model (Figures 2A, B). Ultimately, nine optimal prognostic HRLs were obtained and incorporated into the risk model: ITPR1-DT, AC008760.2, AC084876.1, AC002070.1, LINC02027, AC147651.1, FOXD2-AS1, LINC00944, and LINC01615 (Figure 2C). The risk score for each patient was calculated as: risk score = (0.271 × ITPR1-DT expression) + (0.011 × AC008760.2 expression) + (0.546 ×AC084876.1expression) + (−0.514 × AC002070.1 expression) + (−0.173 × LINC02027 expression) + (−0.027 × AC147651.1 expression) + (0.286 × FOXD2-AS1 expression) + (0.161 × LINC00944 expression) + (0.065 × LINC01615 expression).




Figure 2 | (A, B) The LASSO Cox regression model to identify the most robust lncRNAs. (C) Forest plot of the multivariate Cox regression model showing the nine optimal prognostic hypoxia-related lncRNAs. * represents p < 0.05, ** represents p < 0.01, *** represents p < 0.001.





Validation of the Prognostic Score

To verify the accuracy of prognostic prediction of each patient, we performed ROC in the training dataset and the validation datasets. In the training dataset, the AUCs for predicting the 3-, and 5-year survival were 0.805, and 0.802, respectively, indicating excellent prognostic power (Figures 3A, B). Similar results were obtained in the 1st (Figures 3C, D), 2nd (Figures 3E, F) and 3rd (Figures 3G, H) validation datasets.




Figure 3 | Survival-dependent receiver operating characteristics (ROC) for predicting survival in the datasets. ROC for predicting the (A) 3-year, and (B) 5-year survival in the training dataset. ROC for the (C) 3-year, and (D) 5-year survival in the 1st validation dataset. ROC for predicting the (E) 3-year, and (F) 5-year survival in the 2nd dataset. ROC for predicting the (G) 3-year, and (H) 5-year survival in the 3rd validation dataset.



The patients were then divided into the high- and low-risk groups using the median risk score as a cut-off. Kaplan–Meier curves were plotted in the training dataset, and the results showed poorer survival in the high-risk group than in the low-risk group (P = 1.922e-10) (Figure 4A). The survival analyses in the validation groups also revealed poorer survival in the high-risk groups than in the low-risk groups [3.078e-08 in the 1st (Figure 4B), 2.043 e-08 in the 2nd (Figure 4C), and 1.946e-10 in the 3rd validation dataset (Figure 4D)].




Figure 4 | Kaplan–Meier curves of overall survival for the high-risk and low-risk groups according to the median risk score. (A) The training dataset, (B) 1st validation dataset, (C) 2nd validation dataset and (D) 3rd validation dataset.



The risk score distributions, survival status, and risk gene expressions in each dataset are shown in Figure 5. The low-risk groups had obviously higher survival rate (Figure 5A) and lower values for the risk score (Figure 5C) in the training dataset. Moreover, as the risk score increased, the expressions of the protective lncRNAs (AC008760.2, LINC00944, LINC01615, ITPR1-DT, AC084876.1, and FOXD2-AS1) decreased, whereas those of the risk lncRNAs (AC147651.1, LINC02027, and AC002070.1) increased (Figure 5E) in the training dataset. Similar results were obtained in the 1st (Figures 5B, D, F), 2nd (Figures 5G, I, K) and 3rd (Figures 5H, J, L) validation datasets.




Figure 5 | The survival status, risk score distribution, and risk lncRNA expression in the datasets. (A, C, E) Training dataset, (B, D, F) 1st validation dataset, (G, I, K) 2nd validation dataset, and 3rd validation dataset (H, J, L).



In the univariate analysis to evaluate the relationship between clinical characteristics and OS, the TNM stage was excluded because several patients had missing information. The results showed that age (P = 0.003), tumor grade (P = 0.031), tumor stage (P < 0.001), and risk score (P < 0.001) were significantly associated with prognosis (Figures 6A, C, E, G). Multivariate analysis confirmed age, tumor stage, and risk score as independent prognostic factors (Figures 6B, D, F, H). In addition to risk score, age and tumor stage could also divide patients into high- and low-risk groups effectively (Supplementary Figure 1). To further verify the predictive power of our risk score in the patients with same tumor stage, we divided early stage (I and II) and advanced stage (III and IV) ccRCC patients into the high- and low-risk groups using the median risk score. Kaplan–Meier curves were plotted in two groups, and the results showed poorer survival in the high-risk groups than in the low-risk groups (Supplementary Figure 2).




Figure 6 | Forest plot of the univariate and multivariate Cox regression analysis showing that the risk score was an independent risk factor for overall survival in the training dataset (A, B), 1st validation dataset (C, D), 2nd dataset (E, F) and the 3rd validation dataset (G, H).



The independent prognostic factors (age, tumor stage, and risk score) were used to develop the nomogram for predicting the 1-, 3-, and 5-year prognoses of the patients (Figure 7A). Similar results were obtained in the validation datasets (Supplementary Figure 3). In the nomogram, we can calculate the point of each factor and the total points of all factors. The 1-, 3-, and 5-year survival rates could be predicted by the corresponding value of total points.




Figure 7 | A nomogram plot was established to qualify risk assessment for ccRCC patients (A). Relationships between the risk score and clinical factors [tumor grade (B) and tumor stage (C)] in clear cell renal carcinoma.





Clinical Utility of the Risk Score

The association among the risk lncRNAs (ITPR1-DT, AC008760.2, AC084876.1, AC002070.1, LINC02027, AC147651.1, FOXD2-AS1, LINC00944, and LINC01615), risk score, and clinicopathologic parameters (age, sex, tumor grade, and tumor stage) was analyzed in the training dataset (Table 2). The risk score was obviously higher in samples with high-grade and advanced-stage tumor (Figures 7B, C). Similar results were obtained in the validation datasets (Supplementary Tables). This finding supports that the risk score can also reflect tumor progression.


Table 2 | Relationships of the risk score and the risk genes with clinical variables in ccRCC.



To explore which pathways were enriched, we used GSEA software to perform KEGG (Figures 8A, B) and GO analysis (Figures 8C, D). KEGG analysis identified multiple tumor-related signaling pathways in the high-risk group, such as homologous recombination, Base excision repair, and cytokine-cytokine receptor interaction. Surprisingly, KRGG and GO analysis identified that several immune-related signal pathways and genes were enriched in the samples.




Figure 8 | Analysis of enriched pathways. KEGG analysis (A, B) of Gene Set Enrichment Analysis in the high- and low-risk groups in clear cell renal carcinoma. GO analysis (C, D) of Gene Set Enrichment Analysis in high- and low-risk groups in clear cell renal carcinoma.



We further analyzed the correlation between immune cell infiltration and the risk score. First, we plotted the immune landscape of all the samples, as shown in Figure 9A. Then, we analyzed the difference in the number of immune cells between the low- and high-risk groups for all the samples. We identified six types of immune cells with differences in infiltration between the two groups, namely, plasma cells, follicular helper T cells, regulatory T cells, M2 macrophages, resting dendritic cells, and resting mast cells (Figure 9B).




Figure 9 | Immune landscape of the patients with clear cell renal carcinoma (A). Relationships between the risk score and the immune cell infiltration in clear cell renal carcinoma (B).






Discussion

Despite advances in diagnosis and treatment, ccRCC as a lethal RCC subtype remains to have poor prognosis (26). Further, current prognostic models for ccRCC have limited predictive capability because of the complex molecular heterogeneity of this malignancy. Hence, in this study, we identified a novel prognostic model for predicting ccRCC outcomes.

Hypoxia has been confirmed to be closely related to tumorigenesis and tumor progression of ccRCC (27). Previous studies have established that lncRNAs are involved in tumorigenesis, tumor progression, and metastasis (28–30). In this study, HRLs were related to the survival outcomes of patients with ccRCC, and thus we developed an HRL-related model to predict ccRCC prognosis. To our best knowledge, this is the first study to develop such predictive model for ccRCC.

Previous studies suggested that lncRNAs are involved in multiple processes in ccRCC (31, 32). For example, lncRNA UCA1 plays an oncogenic role in RCC by regulating the miR-182-5p/DLL4 axis (33). LncRNA URRCC can also promote the proliferation and metastasis of ccRCC by regulating the P-AKT signaling pathway (34). Further, lncRNA OTUD6B can inhibit ccRCC cell proliferation by suppressing the Wnt/β-catenin pathway and the expressions of epithelial-to-mesenchymal transition-related proteins (35). In this study, we screened 1926 differentially expressed lncRNAs in ccRCC tissue, relative to the levels in adjacent normal renal tissue. The results indicated that lncRNAs are closely related to the tumorigenesis of ccRCC, in agreement with previous findings.

Tumor hypoxia is defined as lower oxygenation in solid tumors than in normal tissues. Hypoxia can lead to resistance to chemoradiotherapy and target therapy (7, 36); increases angiogenesis and vasculogenesis (37), thus predisposing to tumor metastases; and contributes to altered metabolism and genomic instability. LncRNAs have been reported be involved in the development of ccRCC by regulating the hypoxia pathway. For example, Hamilton et al. found that lncRNA HOTAIRM1 inhibited the hypoxia pathway in ccRCC (38). Zhang et al. revealed that under hypoxic conditions in ccRCC, lncRNA CRPAT4 promoted cell migration by regulating AVL9 (39). In the present study, we performed a co-expression analysis between hypoxia genes and differentially expressed lncRNAs through paired lncRNA and mRNA expression data in ccRCC patients from TCGA. A total of 598 lncRNAs were extracted and defined as HRLs. The close association between hypoxia genes and HRLs in ccRCC samples indicate that HRLs are involved in the development of ccRCC.

Among all the HRLs, nine lncRNAs (i.e., ITPR1-DT, AC008760.2, AC084876.1, AC002070.1, LINC02027, AC147651.1, FOXD2-AS1, LINC00944, and LINC01615) were identified to be independently associated with prognosis and were thus used to develop the prognostic model. ROC curves confirmed the good specificity and sensitivity of the HRL-based prognostic model. Kaplan-Meier survival curves showed excellent efficiency of our HRL-related model in stratifying patients with different risks of mortality. Multivariate analyses demonstrated that the age, tumor stage and the risk score were independent prognostic factors. We further identified the prognostic predictive power of our risk score in the patients with same tumor stage. Hence, our HRL-related model maybe useful as a supplement to the tumor stage for better stratifying patients and for providing a more individualized approach to treatment. We further developed a nomogram by integrating age, tumor stage, and risk score. From it we can easily obtain a single number, which reflects survival when accounting for these three factors.

Tumor hypoxia also changes the interaction and cross-talk of cancer cells with the surrounding tumor microenvironment, leading to immune resistance and immune suppression, which help tumor cells escape immune surveillance (5, 40, 41). To determine whether our HRL-related model can also reflect the tumor microenvironment, we performed GSEA. The results showed that several immune-related GO terms or signaling pathways were enriched in the high-risk group. We further plotted the immune landscape of each ccRCC sample for exploring the tumor immune microenvironment in patients with ccRCC. Then, we compared the infiltration of every immune cell type between the high- and low-risk groups. Plasma cells, follicular helper T cells, regulatory T cells, M2 macrophages, resting dendritic cells, and resting mast cells were found to be differentially infiltrated in ccRCC, which are closely associated with tumorigenesis, progression, and metastasis (42–46). This finding supports that our HRL-related model can partly reflect immune infiltration and provide valuable information for immunotherapy.

The whole process of our analyses was based on the data from TCGA database, which contains complete clinical and survival data of patients with ccRCC. It also has sufficient ccRCC samples to be divided into a training dataset and validation datasets. Therefore, a prognostic model constructed using TCGA database has better statistical power than a model constructed using patient samples derived from a single institution. However, the current study still has some limitations. First, we haven’t found an available independent lncRNA dataset to validate the usefulness of our prognostic model, and we were not able to validate in clinical practice owing to the lack of ccRCC samples. Second, the relationship between the nine lncRNAs and ccRCC remains unclear to date because of the limited number of lncRNA researches. The validity of our prognostic model should be evaluated in further research with a large number of clinical samples and with adequate follow-up duration. In addition, the underlying mechanisms by which lncRNAs influence the prognosis of ccRCC should be investigated in in vivo and in vitro experiments.



Conclusion

Our hypoxia-lncRNA assessment model may be useful to improve the prognostic prediction of ccRCC patients with the same tumor stage. Furthermore, the nine HRLs included in the model might be useful targets for investigating the tumorigenesis of ccRCC and designing personalized individualized treatment strategies.
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Supplementary Figure 1 | (A) Kaplan–Meier curves of overall survival for the young (≤50 y) and elderly (>50 y) groups. (B) Kaplan–Meier curves of overall survival for the early (I–II) and advanced (III–IV) tumor stage groups.

Supplementary Figure 2 | Kaplan–Meier curves of overall survival for the highrisk and low-risk groups according to the median risk score. (A) ccRCC patients with early tumor stages (I–II) and (B) advanced stages (III–IV).
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Background: Clear cell renal cell carcinoma (ccRCC) is the main subtype of renal cell carcinoma and has different prognoses, especially in patients with metastasis. Here, we aimed to establish a novel model to predict overall survival (OS) and surgical benefit of ccRCC patients with distant metastasis.

Methods: Using data from the Surveillance, Epidemiology, and End Results (SEER) databases, we identified 2185 ccRCC patients with distant metastasis diagnosed from 2010 to 2015. Univariate and multivariate Cox analysis were used to identify significant prognostic clinicopathological variables. By integrating these variables, a prognostic nomogram was constructed and evaluated using C-indexes and calibration curves. The discriminative ability of the nomogram was measured by analyses of receiver operating characteristic (ROC) curve. A risk stratification model was built according to each patient's total scores. Kaplan-Meier curves were performed in the low-, intermediate- and high-risk groups to evaluate the survival benefit of surgery.

Results: Eight clinicopathological variables were included as independent prognostic factors in the nomogram: grade, marital status, T stage, N stage, bone metastasis, brain metastasis, liver metastasis, and lung metastasis. The nomogram had a better discriminative ability for predicting OS than Tumor-Node-Metastasis (TNM) stage. The C-index was 0.71 (95% CI 0.68–0.74) in the training cohort. The calibration plots demonstrated that the nomogram-based predictive outcomes had good consistency with the actual prognosis results. Total nephrectomy improved prognosis in both the low-risk and intermediate-risk groups, but partial nephrectomy could only benefit the low-risk group.

Conclusions: We constructed a predictive nomogram and risk stratification model to evaluate prognosis in ccRCC patients with distant metastasis, which was valuable for prognostic stratification and making therapeutic decisions.

Keywords: clear cell renal cell carcinoma, distant metastasis, nomogram, overall survival, surgical benefit


INTRODUCTION

Renal cell carcinoma (RCC) is one of the most common malignant tumors in the genitourinary system. The latest cancer statistics report illustrated that more than 65,000 patients were diagnosed with RCC in the US, causing more than 15,000 deaths every year (1). Clear cell renal cell carcinoma (ccRCC) is the predominant histology of RCC, representing 75% of all cases (2). Among them, many patients with this disease are diagnosed with locally advanced disease or distant metastases despite improvements in the cancer control and survival rates. Clinically, approximately 16% of ccRCC patients have metastasis at diagnosis, and even one-third of localized ccRCC patients will develop metastatic lesions after tumor resection. The 5-year overall survival (OS) rate of metastatic ccRCC is only 12% (3). For RCC patients with distant metastasis, although the Memorial Sloan-Kettering Cancer Center (MSKCC) criteria and the International Metastatic RCC Database Consortium (IMDC) criteria can be used to evaluate the outcome of patient treatment, the impact of metastatic site and the overall tumor burden on survival is still missing (4, 5). Therefore, more practical tools and concise are required to improve the prognostic prediction of ccRCC patients with distant metastasis.

Cancer metastasis is a multistep process involving complex genetic alterations that drive the transformation of primary tumors into highly malignant and metastatic tumors (6, 7). To successfully metastasize, tumor cells must escape from the primary tumor, intravasate into circulatory and lymphatic systems, avoid immune attack, extravasate at distant capillary beds, and invade and proliferate in distant organs (8–10). For ccRCC, intensive studies demonstrated that different genes mediate tumor cell metastasis to different locations. The common metastasis sites of ccRCC include lung (in 50–60% of patients with metastases), bone (in 30–40%), liver (in 30–40%) and brain (in 5%) (11, 12).

The classic anatomical prognostic system is the tumor (T), node (N), and metastasis (M) classification, which is the most commonly used prognosis-predicting system for ccRCC patients (13). However, the TNM staging system lacks accuracy in predicting the prognostic of ccRCC patients, especially for ccRCC patients with distant metastasis (14). In ccRCC patients with distant metastasis, prognosis is further driven by the site of metastasis and the number of metastatic sites (15, 16). In addition, ccRCC patients with distant metastasis can be affected by clinical prognostic factors, including sex, age, marital status, race, and clinicopathological parameters such as grade, tumor size, and surgery treatment. Therefore, in consideration of all of these clinical factors, it is important to build a comprehensive prognostic model to accurately evaluate the prognosis of each patient. This predictive model can help doctors make therapeutic decisions.

Recently, nomogram has been accepted as a reliable tool to quantify risk by incorporating and evaluating important factors to assess prognostic outcome in multiple cancers (17–19). Several nomograms have been established to predict the risk of RCC recurrence and survival (20–22). However, there is no nomogram to estimate the prognostic outcome of ccRCC patients diagnosed with distant metastasis. In this study, we used data from the Surveillance, Epidemiology, and End Results (SEER) databases to establish and validate a nomogram that estimates the survival of ccRCC patients with distant metastasis.



MATERIALS AND METHODS


Data Source and Patient Selection

Patient data came from the Surveillance, Epidemiology, and End Results (SEER) database, which covers approximately 28% of the US population. In our study, patient selection based on the following inclusion and exclusion criteria. Inclusion criteria: (a) diagnosed between 2010 and 2015; (b) molecular subtype of clear cell carcinoma; and (c) diagnosed initially with at least one distant metastatic site. Exclusion criteria: (a) unknown metastatic status; (b) age at diagnosis under18 years; (c) incomplete demographic and clinical data, including race, marital status, T/N stage and grade; and (d) missing follow-up data.



Nomogram Construction and Validation

We randomly divided the patients diagnosed from 2010 to 2013 into two cohorts, the training cohort and the validation I cohort, with a ratio of three to one, and we assigned the patients diagnosed from 2014 to 2015 as the validation II cohort. Categorical variables in the three cohorts were presented as frequencies and proportions. Univariate Cox regression analyses were used to calculate the influence of each variable on OS. Significant prognostic factors identified from the univariate analysis were further analyzed in a multivariate Cox proportional hazard model, and the corresponding 95% confidence interval (CI) for each potential risk factor was calculated. Based on the result of the multivariate model, a nomogram was built to predict 1-, 2- and 3-year OS. The discriminative ability of the nomogram was measured using the 1-, 2-, and 3-year survival area under curve (AUC) values from time-dependent receiver operating characteristic (ROC) curves. Predictive accuracy was assessed using the concordance index (C-index) and calibration plot. Additionally, a risk stratification model was established on the basis of each patient's total score in the nomogram, and all patients were divided into three prognostic groups.



Statistical Analyses

Univariate and multivariate Cox regression analyses were performed to identify the prognostic factors. Kaplan-Meier curves was used to estimate the OS. The significance of differences in OS was assessed by log-rank test. Cox regression analysis, Kaplan-Meier curves, and the log-rank test were conducted by the glmnet and survival packages. The nomogram was established with the rms and survival packages. All statistical analyses were performed in R studio (version 3.6.2), and statistical significance was set at a p-value of <0.05.




RESULTS


Demographic and Clinical Characteristics of Patient Patients

Overall, 2,185 ccRCC patients with distant metastasis were included in this study. Among all patients, 1,027, 342, and 816 subjects were assigned to the training, validation I and validation II cohorts, respectively. The demographic and clinical characteristics of patients in each subgroup are demonstrated in Table 1. There was no significant difference in the distribution of the number of patients in different cohorts. Generally, most patients were male (1,523; 69.7%), aged 60–79 years (1,180; 54.0%), married (1,493; 68.3%), and white (1,891; 86.5%). Moreover, most patients underwent total nephrectomy (1,765; 80.8%).


Table 1. Demographic and clinical characteristics of ccRCC patients with distant metastasis.
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In total, 30.2% (660), 10.0% (218), 11.0% (240), and 61.8% (1,350) of the patients had bone metastasis, brain metastasis, liver metastasis and lung metastasis, respectively. Additionally, 14.1% (307), 17.2% (375), 60.7% (1,327) and 8.1% (176) of the patients had stage T1, T2, T3, and T4 tumors, respectively. Furthermore, 76.5% (1,671) of the patients were negative for lymphatic metastasis, and 13.5% (295) and 10.0% (219) had N1 and N2 stage.



Independent Prognostic Factors in the Training Set

Through univariate analysis and subsequent multivariate Cox analysis, marital status (divorced/separated: HR 1.219, 95% CI 0.971–1.531; widowed: HR 1.690, 95% CI 1.277–2.235; single: HR 1.094, 95% CI 0.889–1.347; married as a reference), grade (II: HR 1.126, 95% CI 0.931–1.363; III: HR 1.365, 95% CI 0.809–2.303; IV: HR 1.499, 95% CI 1.217–1.847; I as a reference), T stage (T2: HR 1.354, 95% CI 0.949–1.932; T3: HR 1.388, 95% CI 1.031–1.869; T4: HR 1.626, 95% CI 1.107–2.389; T1 as a reference), N stage (N1: HR 1.934, 95% CI 1.583–2.362; N2: HR 2.375, 95% CI 1.877–3.004; N0 as a reference), bone metastasis (metastasis: HR 1.621, 95% CI 1.378–1.907; no metastasis as a reference), brain metastasis (metastasis: HR 2.158, 95% CI 1.730–2.693; no metastasis as a reference), liver metastasis (metastasis: HR 1.538, 95% CI 1.217–1.943; no metastasis as a reference), and lung metastasis (metastasis: HR 1.709, 95% CI 1.454–2.008; no metastasis as a reference) were found to be statistically significant factors for OS, as shown in Table 2.


Table 2. Univariate and multivariate Cox analyses of overall survival in the training set.
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Nomogram Construction and Validation

Considering the outcomes of the univariate and multivariate Cox regression analyses for OS, eight independent factors in the training cohort were included in the nomogram to predict the 1-, 2-, and 3-year OS rates (Figure 1). Among all included factors, N stage made the most significant contribution to the survival outcome, closely followed by brain metastasis. In addition, marital status, grade, T stage, and the presence of bone/liver/lung metastasis had a moderate impact on prognosis. The 1-, 2- and 3-year survival probabilities of each patient were obtained by adding the score of every prognostic factor.


[image: Figure 1]
FIGURE 1. Nomogram for the prediction of 1-, 2- and 3-year overall survival in ccRCC patients with distant metastasis.


The C-index in the training cohort (0.71, 95% CI 0.68–0.74) indicated reasonable predictive accuracy of the model. The discriminative ability of the nomogram was measured using the 1-, 2-, and 3-year survival AUC values from time-dependent ROC curve. In the training cohort, the nomogram was significantly superior to TNM staging or grade (1-year AUC: nomogram 0.73 vs. TNM 0.65 or grade 0.59; 2-year AUC: nomogram 0.72 vs. TNM 0.64 or grade 0.59; 3-year AUC: nomogram 0.71 vs. TNM 0.62 or grade 0.60; Figure 2). In addition, in a validation cohort containing both the validation I + II cohorts, the nomogram AUC values for 1-, 2-, and 3-year survival were 0.67, 0.69, and 0.68, respectively. Moreover, the calibration plots in the training and validation cohorts demonstrated that the nomogram-based predictive results were mostly consistent with the actual prognosis results (Figure 3).


[image: Figure 2]
FIGURE 2. ROC curves of the ability of the nomogram, TNM staging and grade to predict 1-, 2- and 3-year overall survival in the training cohort. (A) 1 year time-dependent ROC curve. (B) 2 year time-dependent ROC curve. (C) 3 year time-dependent ROC curve.
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FIGURE 3. Calibration curves of the ability of the nomogram to predict 1-year (A) and 2-year (B) overall survival in the training cohort, 1-year (C) and 2-year (D) overall survival in validation I cohort and 1-year (E) and 2-year (F) overall survival in validation II cohort.




Risk Stratification Model and Survival Benefit of Surgery

In addition, we built a risk stratification model based on each patient's total scores in the nomogram. According to the risk stratification model, all the patients were divided into three groups: low-risk group (1,289/2,185, 60.0%; total score < 15), intermediate-risk group (717/2,185, 32.8%; 15 ≤ total score < 25), and high-risk group (1,128/2,185, 51.6%, total score ≥ 25). Kaplan-Meier curves were performed in all cohorts and demonstrated that the risk stratification model can accurately distinguish survival in the three prognostic groups (Figure 4).


[image: Figure 4]
FIGURE 4. Kaplan-Meier curves of the low-, intermediate- and high-risk groups in all cohorts (A), the training cohort (B), and validation I + II cohort (C).


Furthermore, Kaplan-Meier curves were also performed in the stratified risk groups to assess the survival benefit of surgery (Figure 5). The results indicated that total nephrectomy could prolong overall survival in both the low- and intermediate-risk groups (p < 0.0001 and p < 0.0001, respectively); however, partial nephrectomy could only benefit the low-risk group (p < 0.0001). Interestingly, the low-risk group patients could benefit more in terms of prognosis from partial nephrectomy than total nephrectomy (p = 0.022). However, in the high-risk group, neither total nor partial nephrectomy could significantly improve the prognosis of patients.


[image: Figure 5]
FIGURE 5. Survival benefit of surgery in the low-risk (A), intermediate-risk (B), and high-risk (C) groups.





DISCUSSION

In this study, a nomogram was constructed and verified for predicting OS in 2,185 ccRCC patients with distant metastasis from the SEER database. We identified eight demographic and clinical characteristics as prognostic factors, including marital status, grade, T stage, N stage and bone, brain, liver and lung metastasis. In addition, the ROC curves and calibration curves demonstrated favorable discrimination and calibration. Moreover, we built a risk stratification model based on the total score of each patient in the nomogram, and analyzed the survival benefits of surgery choices in the classified risk groups. To our knowledge, this is the first large-cohort, comprehensive retrospective study to construct a nomogram for predicting the prognosis of ccRCC patients with distant metastasis. This predictive tool can be easily applied in clinical practice to predict the survival probability of each patient and help clinicians develop optimal therapy strategies for patients.

Regarding demographic features, marital status was an independent prognostic factor, which is consistent with previous studies (22, 23). Marriage may have a beneficial effect on RCC patients, as it can be associated with support from the spouse, such as helping in activities of daily life and medication reminders. The clinical characteristics grade, T stage, N stage and bone, brain, liver, and lung metastasis were significant for predicting overall survival. Among the sites of metastasis, brain metastasis was the worst factor affecting the prognosis, followed by lung, bone and liver metastasis. Consistently, previous studies have shown that the prognosis of patients with brain metastases is worse than that of patients without brain metastasis (24, 25). However, Abdel-Rahman (26) reported that metastatic RCC patients with liver metastasis seem to have worse outcomes than patients with other sites of metastasis. One explanation is that we mainly focused on clear cell histology rather than all subtypes of RCC. Therefore, the result must be further validated in many ongoing randomized studies.

According to the results of randomized controlled trials, cytoreductive nephrectomy has become the preferred treatment for metastatic RCC patients in the era of cytokine therapy, especially in patients with good performance status (27, 28). In 2005, the molecular-targeted agent sorafenib was approved for the treatment of advanced RCC, opening a new era of molecular-targeted therapy. Clinical data reported so far have clearly demonstrated that, compared with the era of cytokine therapy, the introduction of targeted therapy has significantly improved the prognosis of patients with metastatic RCC (29). However, in the era of targeted therapy, the role of cytoreductive nephrectomy in treating metastatic RCC has been brought into question. The result of CARMENA clinical trial showed that sunitinib alone was not inferior to nephrectomy followed by sunitinib in patients with intermediate- and high-risk metastatic RCC (30). Moreover, from a molecular genetic viewpoint, this intervention can only eliminate the easiest adversary (the main tumor) but cannot prevent cancer-related death. Therefore, the benefits and risks of cytoreductive nephrectomy must be carefully considered. Surgery may not be beneficial if treatment-induced morbidity would substantially affect the patient's quality of life. Thus, demographic and clinical characteristics need to be considered critically to make an optimal decision for each patient. Our study found that total nephrectomy could improve OS in both the low- and intermediate-risk groups, and partial nephrectomy could benefit only the low-risk group, which provides more accurate information for therapeutic decisions.

To our knowledge, this is the first study to generate a predictive nomogram for ccRCC patients with distant metastasis. Although Zheng et al. recently constructed a nomogram for patients with metastatic RCC by combining clinical and pathological characteristics derived from the SEER database (31). In our study, we only included patients with metastatic ccRCC and we stratified the age and tumor size of all patients. In addition, we constructed a training cohort and two validation cohorts to better verify the predictive ability of the nomogram. Moreover, we established a risk stratification model on the basis of each patient's total score from the nomogram and survival benefits of surgery was analyzed in the classified risk groups. As we all know, in the past years both MSKCC and IMDC scores were used almost exclusively to define prognosis of patients with metastatic RCC. Even in the most recent immunotherapy era, their prognostic role was confirmed again and a potential predictive role has emerged (32, 33). Considering that the variables contributing to the IMDC or MSKCC risk model were not registered in the SEER database, there is no comparison in predictive accuracy was conducted between our nomogram and these two models. However, the predictive model proposed in our study is a nomogram, demonstrated to predict the OS more precisely. Regarding to the role of our model in immunotherapy era, it needs to be verified in further study.

The current study has several limitations that should be considered. First, the nomogram was built retrospectively using the SEER database, and it would be better if the nomogram could be verified in a prospective cohort or a clinical trial. Second, the database only contained information on distant metastasis. Some patients may have developed metachronous metastasis during follow-up, and such data are not available from the database. Third, we only focused on patients with ccRCC, and further studies are required to evaluate whether this nomogram is applicable to patients with other histological subtypes. In addition, there is a lack of information about the details of systemic treatment received. This is particularly important given the evidence-based role of targeted therapies in improving the outcomes of metastatic RCC. Finally, patients with missing data with respect to each of the variables were excluded from our cohort, which may lead to potential selection bias. Therefore, further prospective studies are necessary.



CONCLUSIONS

We constructed a novel predictive nomogram and risk stratification model to predict the individual survival of ccRCC patients with distant metastasis. This prognostic model could assist clinicians to identify high-risk patients and make more individualized treatments for patients with different prognoses.
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RNA modification of N6-methyladenosine (m6A) plays critical roles in various biological processes, such as cancer development, inflammation, and the anticancer immune response. However, the role played by a comprehensive m6A modification pattern in regulating anticancer immunity in kidney renal clear cell carcinoma (KIRC) has not been fully elucidated. In this study, we identified two independent m6A modification patterns with distinct biological functions, immunological characteristics, and prognoses in KIRC. Next, we developed an m6A score algorithm to quantify an individual's m6A modification pattern, which was independently validated in external cohorts. The m6A cluster 1 and low m6A score groups were characterized by a hot tumor microenvironment with an increased infiltration level of cytotoxic immune cells, higher tumor mutation burden, higher immune checkpoint expression, and decreased stroma-associated signature enrichment. In general, the m6A cluster 1 and low m6A score groups reflected an inflammatory phenotype, which may be more sensitive to anticancer immunotherapy. The m6A cluster 2 and high m6A score groups indicated a non-inflammatory phenotype, which may not be sensitive to immunotherapy but rather to targeted therapy. In this study, we first identified m6A clusters and m6A scores to elucidate immune phenotypes and to predict the prognosis and immunotherapy response in KIRC, which can guide urologists for making more precise clinical decisions.

Keywords: kidney renal clear cell carcinoma, N6-methyladenosine, immune phenotype, immune checkpoint blockade, tumor microenvironment


INTRODUCTION

Kidney renal clear cell carcinoma (KIRC) is a common urinary cancer with increasing incidence (1). Despite advances in targeted therapy, the prognosis of patients with advanced KIRC remains extremely poor (1). The emergence of anticancer immune checkpoint blockade (ICB) therapy has revolutionized the treatment of advanced KIRC and significantly improved survival status (2–4). However, response rates to ICB in advanced KIRC are low, even though KIRC is an immunogenic cancer characterized by a high tumor mutation burden (TMB) (5). These low response rates indicated that there were some primary or secondary resistance mechanisms to ICB. Hence, to decrease adverse events and economic burden and identify the best candidates to receive ICB treatment, it is necessary to explore these resistance mechanisms and identify reliable predictors for response to ICB response.

RNA modification of N6-methyladenosine (m6A) is the most prominent and abundant RNA modification pattern in eukaryotic cells (6). M6A modification is a dynamically reversible process regulated by methyltransferases (writers), demethylases (erasers), and binding proteins (readers) (6, 7). Moreover, it plays a critical role in various biological processes, such as cancer occurrence, progression and inflammation (8, 9). Recently, m6A modification has been found to play an essential role in anticancer immune regulation (10). Wang et al. elucidated that depletion of METTL3/14 promoted secretion of IFN-γ, CXCL9, and CXCL10, subsequently inducing infiltration of CD8+ T cells, which overcomes resistance to ICB (11). In contrast, another study reported that METTL3 activates dendritic cells by increasing m6A levels of CD40, CD80, and TLR4, priming cytotoxic T lymphocyte activation (12). Interestingly, the same m6A writer gene (METTL3) exerted the opposite role in regulating anticancer immunity. FTO, an m6A eraser gene, promoted tumor immune evasion by increasing expression of immune checkpoint genes, such as LILRB4 and PD-1 (13, 14). Genetic depletion or pharmacological inhibition of FTO reactivates immune surveillance and overcomes resistance to ICB. Furthermore, Han et al. revealed the potential of YTHDF1 as a promising therapeutic target in anticancer immunotherapy (15). They demonstrated that genetic depletion of YTHDF1 significantly enhanced tumor antigen cross-presentation and CD8+ T cell priming. Therefore, m6A modification represents a potential emerging immunotherapy target and predictor of response to ICB response.

However, all of the studies above are confined to only one or two m6A modification genes because of technical limitations. As we all known, antitumor effect and tumor microenvironment (TME) can be regulated by numerous factors (16). Therefore, comprehensive analysis of multiple m6A regulators will improve our understanding of antitumor effect and TME. In this study, we comprehensively analyzed m6A modification patterns based on 24 m6A genes in KIRC. To the best of our knowledge, the number of m6A genes included in this manuscript is the largest reported to date. Additionally, we correlated m6A modification patterns with the immune phenotype and response to ICB for the first time.



MATERIALS AND METHODS

Figure 1 illustrates the mechanism diagram of our study and Supplementary Figure 1 shows the workflow of our study.


[image: Figure 1]
FIGURE 1. Mechanism diagram of this study.



Data Retrieval and Preprocessing
 
Cancer Genome Altas (TCGA) Data

RNA sequencing data (FPKM value), mutation profiles, and clinical data for TCGA-KIRC were downloaded from the Genomic Data Commons (GDC, https://portal.gdc.cancer.gov/) using the R package TCGAbiolinks (17). The FPKM value was transformed into transcripts per kilobase million (TPM) value. After removing duplicated patients, we included 530 KIRC patients with full clinical information and 72 normal tissues for further analysis. The copy number variation (CNV) data, processed with the GISTIC algorithm, were downloaded from the UCSC Xena data portal (http://xena.ucsc.edu/). Somatic mutation data were analyzed using VarScan2 and used to calculate the tumor mutation burden (TMB). Microsatellite instability (MSI) data were collected from the supplementary files of Bonneville's study (18).



Other Data Sources

A KIRC cohort (GSE22541) with detailed survival data and an RNA expression matrix was downloaded from GEO (https://www.ncbi.nlm.nih.gov/geo/). After removing 44 samples collected from pulmonary metastasis of KIRC, we included 24 samples collected from primary KIRC for further analysis. An immunotherapy cohort (PMID29301960) containing 33 KIRC patients was collected from the supplementary files of Miao's study (19). Based on the Creative Commons 3.0 License, an immunotherapy cohort (IMvigor210) containing 348 bladder cancer patients was obtained from http://research-pub.gene.com/IMvigor210CoreBiologies/ (20). Another immunotherapy cohort of melanoma (GSE78220) was downloaded from GEO. After removing one duplicated patient and one patient without follow-up time, we included 26 patients of GSE78220 for further analysis.

Detailed information on these cohorts is summarized in Supplementary Table 1.




Unsupervised Clustering for 24 m6A Regulator Genes

We systematically identified 24 m6A regulator genes in our study from previous studies (16, 21). These m6A genes included eight writers (METTL3, METTL14, RBM15, RBM15B, WTAP, KIAA1429, CBLL1, and ZC3H13), two erasers (ALKBH5 and FTO), and 14 readers (YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, IGF2BP1, IGF2BP2, IGF2BP3, HNRNPA2B1, HNRNPC, FMR1, LRPPRC, ELAVL1, and EIF3A). Unsupervised clustering analysis was then conducted to comprehensively identify differential m6A modification patterns using the ConsensuClusterPlus package (22). Finally, the TCGA-KIRC cohort was classified into several clusters with different biological functions using a consensus clustering algorithm.



Functional Analysis Between Different m6A Clusters

First, we downloaded 50 hallmark pathways from the MSigDB database (23). These 50 pathways systematically reflect the majority of the biological functions of humans. The GSVA algorithm was applied to calculate the enrichment scores of these pathways using the “GSVA” R package (24). Then, we analyzed difference in these pathways between different m6A clusters using the LIMMA algorithm (25). An adjusted P < 0.05 was considered statistically significant. Second, the limma R package's empirical Bayesian approach was applied to determine differentially expressed genes (DEGs) between different m6A clusters. The significance criteria for determining DEGs were set as an adjusted P < 0.05 and |logFC|>1. Finally, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses using the ClusterProfiler R package based on these DEGs.



Depicting Immunological Characteristics of the TME in KIRC

The anticancer immune response, also called the cancer immunity cycle, is composed of seven key steps in the TME: the release and presentation of cancer cell antigens (Steps 1 and 2), the priming and activation of the immune system (Step 3), trafficking and infiltration of immune cells into tumors (Steps 4 and 5), and recognition and killing of cancer cells by T cells (Steps 6 and 7) (26). The activities of these seven steps were downloaded from http://biocc.hrbmu.edu.cn/TIP/ (27). Then, the single-sample gene-set enrichment analysis (ssGSEA) algorithm was used to quantify the relative abundance of tumor-infiltrating immune cells (TIICs) in the TME based on specific immune cell gene sets obtained from the study of Charoentong (Supplementary Table 2) (28). In addition, to avoid calculation errors caused by different algorithms and mark gene sets, we validated the infiltration level of TIICs using Cibersort-ABS, xCell and TIMER algorithm (29–31).

Mariathasan et al. revealed a set of gene signatures related to immune processes and stromal pathways, such as the CD8 T-effector signature, epithelial-mesenchymal transition (EMT) markers, and the panfibroblast TGF-b response signature (Pan-FTBRS) (20). We also collected 19 gene signatures related to the clinical response to the anti-PD-L1 agent atezolizumab (Supplementary Table 3). The ssGSEA algorithm was used to calculate the enrichment score of individuals.



Generation of Co-expression Module Networks

The R package “WGCNA” was used to develop the gene co-expression network and to identify the m6A cluster-related module (32). First, TPM data from the TCGA-KIRC dataset were tested to determine whether they were good genes or samples. Then, the filtered genes were used to calculate the connection strength and to develop a scale-free network. The gradient method was used to test the scale independence and modules' average connectivity degree. The degree of independence was set as 0.85, and then we chose a suitable power value when the connectivity degree was relatively higher (33). Next, scale-free gene co-expression networks were generated using the selected power value. A heatmap was drawn to describe the interactions between different modules and clinical characteristics, and we chose the module that had the strongest relationship with the m6A cluster.



Generation of m6A Score

An m6A score was developed to quantify the m6A modification pattern in an individual patient with KIRC. First, we conducted univariate Cox analysis on genes of the module that had the strongest relationship with the m6A cluster and subsequently identified those genes with prognostic value. Similar to previous studies, we then performed principal component analysis (PCA) on these prognostic genes to calculate principal component 1, which was used for m6A score calculation (16, 34).

[image: image]

where i is the selected gene.



External Validation and Drug Sensitivity Analysis

To confirm the robustness of this m6A score, we validated the prognostic value and the association between the m6A score and immunological characteristics of the TME in an independent KIRC cohort (GSE22541).

The functions significantly differed among m6A clusters. We further compared the drug sensitivities between different m6A clusters. First, we collected 184 common anticancer drugs and their target genes from the DrugBank database (www.drugbank.ca). In addition, we validated the predictive value of the m6A score for the response to ICB in three external immunotherapy cohorts.



Statistical Analysis

Correlations between m6A regulators, m6A score and cancer immunity cycle and m6A score and pathways related to the ICB response were explored by Spearman coefficients and distance correlation analyses. Continuous variables fitting a normal distribution between binary groups were compared using a t-test and presented as mean ± standard deviation (SD). Otherwise, the Mann-Whitney U test was applied. Chi-square or Fisher exact tests were used to compare differences between categorical variables. The “survcutpoint” function for the maximum rank statistic was applied to determine the optimal cutoff value of the m6A score. The survival curves for prognostic analyses of categorical variables were generated using the Kaplan-Meier method, while the log-rank test was applied to estimate the statistical significance. The hazard ratio (HR) for m6A regulators was calculated using univariate Cox regression model. The independent prognostic factor of m6A score was conducted using multivariate Cox regression model and the forestplot R package was used to visualize the results. The receiver operating characteristic (ROC) curve and area under the curve (AUC) were conducted to assess the specificity and sensitivity of m6A score using time ROC R package. The mutations of m6A regulators and mutation profiles between high and low m6A score groups were visualized using maftools R package. The level of significance was set at P < 0.05, and all statistical tests were two-sided. Finally, all statistical data analyses were implemented using R software, version 3.6.3 (http://www.r-project.org).




RESULTS


Multi-Omics Analysis of m6A Genes in KIRC

We first analyzed the expression patterns of 24 m6A genes in KIRC and normal tissues. Interestingly, the majority of m6A writers and readers, such as METTL14, EIF3A, YTHDC1, YTHDF1, and YTHDF2, were significantly downregulated in KIRC compared to normal tissues. In contrast, expression of two m6A eraser genes (FTO and ALKBH5) was significantly higher in KIRC (Figure 2A). This expression imbalance between m6A writer and eraser genes may lead to abnormal m6A modification patterns and consequently promote the development of KIRC. Similarly, most of the m6A genes were prognostic factors. METTL14, RBM15, KIAA1429, CBLL1, YTHDC2, ZC3H13, FMR1, RBM15B, YTHDC1, FTO, LRPPRC, YTHDF2, YTHDF3, and EIF3A were favorable prognostic factors. On the other hand, METTL3, IGF2BP1, IGF2BP2, IGF2BP3, and HNRNPA2B1 were adverse prognostic factors (Figure 2B). Based on the expression of these 24 m6A genes, we could completely distinguish KIRC samples from normal samples (Figure 2C). These results suggested that m6A genes are potential diagnostic and prognostic predictors in KIRC.
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FIGURE 2. Multi-omics analysis of m6A genes in kidney renal clear cell carcinoma (KIRC). (A) Expression of 24 m6A genes between tumor and normal tissues in the TCGA-KIRC dataset. Tumor, red; Normal, blue. (B) The prognostic analyses for 24 m6A genes in the TCGA-KIRC dataset using the univariate Cox regression model. (C) Principal component analysis (PCA) of the expression profiles of 24 m6A genes between tumor and normal tissues in the TCGA-KIRC dataset. Tumor, red; Normal, green. (D) The copy number variation (CNV) frequency of 24 m6A genes in the TCGA-KIRC dataset. The height of the column represents the count, and the color represents gains or losses. Gains, red; Losses, blue. (E) The mutation frequency of 24 m6A genes in 417 patients with kidney clear cell carcinoma from the TCGA-KIRC cohort. Column presents individual patients. The upper bar plot represents TMB. The number on the right represents the mutation frequency in each regulator. The right bar plot represents the proportion of each variant type. The stacked bar plot below represents the fraction of conversions in each sample. (F) Expression correlations between 24 m6A regulators in the TCGA-KIRC dataset using Spearman analyses. Eraser, green; Reader, brown; Writer, purple (ns, Not Significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001).


Next, we assessed the CNV and mutation profiles of 24 m6A genes. Analysis of CNV data revealed prevalent CNV alterations in 24 m6A genes, and most were focused on amplification of YTHDC2, while RBM15 and RBM15B had the highest frequency of CNV deletion (Figure 2D). However, mutations of m6A genes were not frequent. Among 417 KIRC samples, only 66 (15.83%) exhibited mutations in m6A genes. ZC3H13 exhibited the highest mutation frequency at 4%, followed by YTHDC2 (2%) (Figure 2E). Finally, the close connections between the majority of m6A genes laid the foundation for the subsequent m6A clustering analysis (Figure 2F, Supplementary Table 4).



Depicting m6A Clusters and Correlating Them With Biological Functions

Figure 3A shows the comprehensive landscapes of 24 m6A genes concerning their prognostic value, correlations, and groups. Most of them were prognostic factors and were significantly correlated with each other, which prompted us to perform a comprehensive unsupervised clustering analysis based on these 24 m6A gene expression profiles. The results were robust when the TCGA-KIRC cohort was divided into two independent clusters. One hundred six patients were classified into m6A cluster 1, whereas the remaining 423 patients were classified into m6A cluster 2. m6A cluster 1 exhibited a significantly poorer prognosis (P = 0.00057) (Figure 3B). The DEGs between m6A clusters are displayed in a heatmap and volcano plot (Figures 3C,D, Supplementary Table 5). The results of GO analysis suggested that these DEGs were enriched in several biological processes, including organic anion transport, metal ion transmembrane transporter activity, collagen-containing extracellular matrix, and cellular divalent inorganic cation homeostasis (Supplementary Figures 2A–C, Supplementary Table 6). The results of KEGG analysis indicated that these DEGs were enriched in pathways such as neuroactive ligand-receptor interaction, bile secretion, vascular smooth muscle contraction, mineral absorption, complement and coagulation cascades, serotonergic synapse, protein digestion and absorption, and leukocyte transendothelial migration (Supplementary Figure 2D, Supplementary Table 7). Finally, the enrichment scores of many hallmark signatures significantly differed between the two clusters. As shown in Figure 3E, TGF-beta signaling, Wnt-beta catenin signaling, protein secretion, PI3K-Akt-Mtor signaling, androgen response, heme metabolism, mitotic spindle, and Notch signaling were enriched in m6A cluster 2. In contrast, spermatogenesis, estrogen response late, and KRAS signaling DN were enriched in m6A cluster 1 (Figure 3E, Supplementary Table 8).
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FIGURE 3. m6A modification patterns and corresponding biological characteristics. (A). Correlations between 24 m6A genes in KIRC. The size of the circle represents the prognosis of each gene, and values were calculated by the log-rank test, which ranged from 0.1 to 0.0001. Green dots represent favorable factors for overall survival, while purple dots in the circle represent risk factors for overall survival. The color of the lines shows the correlation between regulators. Negative correlation, blue; Positive correlation, red. (B) Survival analysis for m6A clusters from the TCGA-KIRC dataset. m6A cluster 1 is shown in blue and m6A cluster 2 is shown in red. (C) A heatmap was drawn based on the differentially expressed genes between m6A clusters 1 and 2. Differentially expressed genes with higher expression are shown in red, and genes with lower expression are shown in blue. (D) A volcano plot was drawn based on the differentially expressed genes between m6A clusters 1 and 2. Differentially expressed genes with log2(fold change) higher than 1 were shown in red while the genes lower than −1 were shown in blue, and the genes without different expression were shown in gray. (E) GSVA analysis showed the activation (red) or inhibition (blue) of biological pathways between m6A modification patterns.




m6A Clusters Correlate With Immune Phenotypes and Immunotherapy-Related Signatures

We next comprehensively correlated the m6A clusters with immune phenotypes. First, we focused on the activities of anticancer immunity cycles. The activity of priming and activation of the immune system of m6A cluster 1 was significantly higher than that of m6A cluster 2, while the activities of releasing and presenting cancer cell antigens were lower (Figure 4A). In addition, the activities of T cell recruiting, B cell recruiting, and dendritic cell recruiting were consistently higher in m6A cluster 1 (Figure 4A). Finally, activities of recognition of cancer cells by T cells were higher in m6A cluster 1. To confirm these findings, we directly compared the infiltration level of tumor-infiltrating immune cells between m6A clusters. As expected, the abundance of several antitumor immune cells, such as activated CD8 T cells, activated CD4 T cells, CD56bright natural killer cells and type 17 T helper cell, was significantly higher in m6A cluster 1 than in m6A cluster 2 (Figure 4B). However, the abundance of the most recognized protumor immune cells, including regulatory T cells, immature dendritic cells, and plasmacytoid dendritic cells, was significantly downregulated in m6A cluster 1 (Figure 4B). Based on these results, we proposed that m6A cluster 1 may be an inflammatory immune phenotype, while m6A cluster 2 may be a non-inflammatory phenotype. Previous research demonstrated that stroma-associated pathways, such as EMT and Pan-FTBRS signatures, inhibited the anticancer immunity in TME (20). Here, EMT1, EMT3, and Pan-F-TBRS enrichment scores were significantly downregulated in m6A cluster 1 (Figure 4C).
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FIGURE 4. Differences in immunological characteristics between m6A clusters. (A) Activities of cancer immunity cycles between the two distinct m6A modification patterns. m6A cluster 1, blue; m6A cluster 2, red. (B) TME immune cell infiltration scores between the two distinct m6A modification patterns. m6A cluster 1, blue; m6A cluster 2, red. (C) Differences in stroma-activated pathways between the two distinct m6A modification patterns. m6A cluster 1, blue; m6A cluster 2, red. (D) Differences in immunotherapy-predicted pathways between the two m6A clusters. Left bar plots represent log10 p-values, red bars represent activated pathways, and blue bars represent inhibited pathways. The colors of the right bar plots represent different pathways, as shown in the legend (ns, Not Significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001).


Inflammatory tumor phenotypes are more sensitive to ICB (35, 36). Consistently, pathways that were positively related to the ICB response, such as RNA degradation, the cell cycle, and DNA replication, were enriched in m6A cluster 1 (inflammatory phenotype). In contrast, the pathway cytokine-cytokine receptor interaction negatively related to the ICB response was enriched in m6A cluster 2 (non-inflammatory phenotype) (Figure 4D). Therefore, we confirmed that m6A cluster 1 might represent an inflamed phenotype from the aspect of immunotherapy response.



Developing m6A Scores and Correlating Them With Immune Phenotypes

All tumor data from the TCGA-KIRC dataset were used to develop the gene co-expression network and to identify m6A cluster-related modules. All KIRC samples with full clinical characteristics were included in the co-expression analysis (Figure 5A). The “WGCNA” package was used to allocate genes with similar expression patterns into different modules. In this study, we chose the soft threshold as 7 (scale-free R2 = 0.85) to develop a scale-free network. As shown in Figure 5B, a total of 29 modules were recognized. The modules with the most significant association with clinical characteristics had the greatest biological meanings. The turquoise module was found to have the highest association with the m6A cluster (r = 0.64, p = 4e-64; Figure 5C). We chose the turquoise module to be analyzed in the subsequent steps, and the turquoise module was also related to tumor grade and stage. The genes in the turquoise modules were significantly co-expressed (cor = 0.81, P < 1e-200; Figure 5D). Among these genes, 2,214 were significantly related to prognosis (Supplementary Table 9). Then, the m6A score was calculated for individuals using the PCA algorithm.
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FIGURE 5. Detection and validation of m6A modification pattern-related modules by WGCNA. (A) Clustering dendrogram of 530 samples in the TCGA-KIRC dataset and heatmaps of clinical traits. The color intensity was related to older age, male sex, higher tumor stage, higher tumor grade, and m6A cluster 2. (B) Clustering dendrogram of differentially expressed genes. The dissimilarity was based on the topological overlap, and different modules were assigned to different colors. (C) Heatmap of the correlation between different gene modules and clinical characteristics. Red represents a positive correlation, and blue represents a negative correlation. (D) Scatter plot of membership in the turquoise module.


m6A score was lower in m6A cluster 1 (Figure 6A). Similar to the performance of m6A cluster 1, patients in the low m6A score group exhibited poorer prognosis than patients in the high m6A score group (Figure 6B). Also, m6A score still remained an independent prognosis factor in multivariate Cox regression analysis (p = 0.01, Supplementary Figure 3A). The Q-Q plot of the model showed that the residuals are approximately normally distributed (Supplementary Figure 3B) and the AUC at 5 years showed that the predictive accuracy of m6a score was comparative to tumor stage (Supplementary Figure 3C). There were consistent correlations between the m6A score and the immune phenotype. The CD8 T effector signatures were enriched in the low m6A score group (Figure 6C). The abundance of antitumor immune cells, including activated CD8 T cells, activated CD4 T cells, activated dendritic cells, CD56bright natural killer cells, central memory CD4 T cells, natural killer T cells, type 1 T helper cells, and type 17 T helper cells was significantly upregulated in the low m6A score group (Figure 6D). However, the abundance of protumor immune cells, including immature dendritic cells and plasmacytoid dendritic cells, was downregulated in the low m6A score group (Figure 6D). We validated the infiltration level of TIICs using Cibersort-ABS, xCell, and TIMER algorithm (Supplementary Figures 4–6). Generally, most of the algorithms showed that m6A score was negatively correlated with anti-tumor immune cells, including CD8 T cells, CD4 T cells, and natural killer T cell. Except TIMER algorithm showed that CD8 T cells was positively correlated with m6A score. This could be the calculation errors caused by different algorithms and mark gene sets. In addition, the EMT1 and EMT3 pathways were enriched in the high m6A score group (Figure 6E). Meanwhile, the m6A score was negatively related to the activities of several critical anticancer immunity cycles, such as priming and activation, T cell recruiting, CD8 T cell recruiting, CD4 T cell recruiting, dendritic cell recruiting, Th17 cell recruiting, and infiltration of immune cells into tumors (Figure 6F, Supplementary Table 10). These findings suggested that the low m6A score group may have an inflammatory phenotype.
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FIGURE 6. Differences in prognosis and immunological characteristics between the m6A score groups. (A) The m6A score in the two distinct m6A modification patterns. Kruskal-Wallis tests to calculate significant differences. (B) Survival analyses for the low (311 cases) and the high (218 cases) m6A score patient groups in the TCGA-KIRC cohort using Kaplan-Meier curves. m6A Score High, blue; m6A Score Low, red. (C) Activation of antigen processing machinery (APM) and CD8T effector pathways between the m6A Score group. M6A Score High, blue; m6A Score Low, red. (D) TME immune cell infiltration scores between the m6A score groups. M6A Score High, blue; m6A Score Low, red. (E) Activation of stroma-activated pathways in the m6A score group. M6A Score High, blue; m6A Score Low, red. (F) Spearman correlation analysis of m6A scores with activities of cancer immunity cycles (left) and immune-related pathways analyzed by ssGSEA (right). The thickness of the lines represents the relation strength. The different colors of the lines represent different p-values. The red bar plots represent a positive correlation, and the blue bar plots represent a negative correlation. (G) The histogram of immune checkpoint gene expression between the m6A score groups. M6A Score High, blue; m6A Score Low, red (ns, Not Significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001).


As expected, m6A scores were negatively correlated with pathways that were positively related to the ICB response, such as RNA degradation, cell cycle, and DNA replication. In contrast, the m6A score was positively related to the cytokine-cytokine receptor interaction pathway, which was negatively related to the ICB response (Figure 6F, Supplementary Table 11). Finally, several common immune checkpoints, such as CTLA-4, PD-1, LAG-3, LAALS3, and TIGIT, were highly expressed in the low m6A score group (Figure 6G).

In summary, the m6A score predicts the immune phenotype and clinical response to ICB.



Mutation Profiles of m6A Score Groups

Genomic mutations are a prominent factor in initiating malignancy. Here, we analyzed distribution differences in the top 20 somatic mutations between m6A score groups using the maftools R package. The most common mutations in KIRC were VHL and PBRM1. There was no difference in the VHL mutation between the m6A score groups (Figure 7A). The mutation frequencies of TTN (32 vs. 23%), SETD2 (19 vs. 9%), BAP1 (16 vs. 7%), and MUC16 (15 vs. 7%) were markedly higher in the low m6A score group suggesting that these mutations may be m6A score-specific mutations in KIRC. In general, a more extensive tumor mutation burden was presented in the low m6A score group than in the high m6A score group (97.4 vs. 90.67%) (Figure 7A). Consequently, the TMB quantification analysis revealed that the low m6A score group was markedly correlated with a higher TMB (Figure 7B). However, there was no difference in MSI status between the two m6A score groups (Figure 7C).
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FIGURE 7. Tumor mutation burden (TMB) analyses of m6A score groups in the TCGA-KIRC cohort. (A) Mutation status in the high (left) and low (right) m6A score groups of the TCGA-KIRC dataset. Each column is related to individual patients. Upper bar plots represent TMB, right bar plots represent variant type proportions, and lower bar plots represent conversions or each sample. (B) The histogram of log2(TMB) between the m6A score groups. M6A Score High, blue; m6A Score Low, red. (C) The histogram of log2(MANTIS Score) between the m6A score groups. M6A Score High, blue; m6A Score Low, red.




External Validation of the m6A Score in GSE22541

Similar to the performance of the m6A score in the TCGA-KIRC cohort, we found that the low m6A score group had a poorer prognosis in the GSE22541 cohort as well (Figure 8A). Meanwhile, the m6A score was negatively correlated with the activities of many anticancer immunity cycles, such as the recognition of cancer cells by T cells (Figure 8B, Supplementary Table 12). Furthermore, the infiltration levels of activated CD8 T cells, activated CD4 T cells, activated dendritic cells, central memory CD8 T cells, natural killer T cells, type 1 T helper cells, and type 17 T helper cells were significantly higher in the low m6A score group (Figure 8C). Finally, the m6A score was negatively related to most pathways that predicted higher ICB response rates (Figure 8B, Supplementary Table 13). These results confirmed that the m6A score might be a robust predictor of immune phenotype, prognosis, and ICB response.


[image: Figure 8]
FIGURE 8. Validation of m6A score in the GSE22541 dataset. (A) Survival analyses for the low and high m6A score patient groups in the GSE22541 dataset using Kaplan-Meier curves. M6A Score High, blue; m6A Score Low, red. (B) Spearman correlation analysis of m6A scores with activities of cancer immunity cycles (left) and immune-related pathways analyzed by ssGSEA (right) in the GSE22541 dataset. The thickness of the lines represents the relation strength. The different colors of the lines represent different p-values. The red bar plots represent a positive correlation, and the blue bar plots represent a negative correlation. (C) TME immune cell infiltration scores between the m6A score groups in the GSE22541 dataset. M6A Score High, blue; m6A Score Low, red (ns, Not Significant; *P < 0.05; **P < 0.01; ***P < 0.001).




Role of the m6A Score in Predicting the Response to Targeted Therapy and Immunotherapy

We further explored the role of the m6A score in guiding clinical decision making in KIRC. First, we found that the sensitivities of many anticancer drugs were significantly different between m6A score groups (Supplementary Table 14). Targeted therapy was the first-line treatment option for advanced KIRC. Here, we collected the targeted therapy drugs used in KIRC and their targeted genes from the DrugBank database: sorafenib with its targeted genes including BRAF, FLT1, FLT3, FLT4, KDR, KIT, and RAF1; sunitinib with its targeted genes including CSF1R, FLT1, FLT3, FLT4, KDR, and RET; pazopanib with its targeted gene SH2B3; and bevacizumab with its targeted gene VEGFA. Interestingly, all targeted therapy drug sensitivities were significantly lower in the low m6A score group (Figure 9A). These results indicate that the m6A score may identify suitable candidates to receive targeted therapy.


[image: Figure 9]
FIGURE 9. Role of m6A score in predicting sensitivities of targeted therapy and immunotherapy. (A) The differences in sensitivities of targeted therapy between m6A score groups by analyzing data from the DrugBank dataset. m6A Score High, blue; m6A Score Low, red. (B) Proportion of patients with clinical benefit to immunotherapy between the different m6A score groups in an RCC immunotherapy dataset (PMID29301960). (C) Survival analyses for the low and high m6A score patient groups in the RCCICI dataset using Kaplan-Meier curves. (D) Proportion of patients with clinical benefit to immunotherapy between the different m6A score groups in IMvigor210 dataset. (E) Survival analyses for the low and high m6A score patient groups in the IMvigor210 dataset using Kaplan-Meier curves. (F) Proportion of patients with clinical benefit to immunotherapy between the different m6A score groups in the GSE78220 dataset. (G) Survival analyses for the low and high m6A score patient groups in the GSE78220 dataset using Kaplan-Meier curves (CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease; ns, Not Significant; **P < 0.01; ****P < 0.0001).


Although findings from TCGA-KIRC and GSE22541 cohorts suggested that the m6A score predicts ICB response, it would be more convincing to validate these results in cohorts that received ICB. First, in a KIRC cohort that received anti-PD-1 therapy (nivolumab), we demonstrated that the clinical benefit rate was higher in the low m6A score group than in the high m6A score group (p = 0.26; Figure 9B). Regrettably, because of the small sample size, we didn't find significantly differences. The prognosis of the low m6A score group was better than in the high m6A score group (p = 0.039; Figure 9C). It is worth noting that this survival outcome was contrary to the results showing that the prognosis of the low m6A score group was worse in the TCGA-KIRC and GSE22541 cohorts. These differences in outcome were due to the response rate of immunotherapy being more likely to determine the prognosis of an immunotherapy cohort when compared to other prognostic risk factors, such as the m6A score. Additionally, we successfully validated the role of the m6A score in predicting the response to ICB in two other cancer cohorts, including the IMvigor210 cohort (bladder cancer) and GSE78220 cohort (melanoma) (Figures 9D–G). These findings revealed that this m6A score may represent a generalized predictor for response to ICB in other cancer types as well.




DISCUSSION

m6A modification plays a critical role in regulating the immune status of the TME in various cancers (10). However, the role of m6A in modifying immune characteristics in KIRC needs to be further explored. In this manuscript, we identified two independent m6A modification patterns with distinct biological functions, immunological characteristics, and prognoses. Then, we developed an m6A score algorithm to quantify an individual's m6A modification pattern, which was independently validated in external cohorts.

There are some studies reporting the function of m6A modification in the progression, prognosis and the TME in KIRC, indicating the potential key role of m6A regulators in KIRC. Strick et al. reported that ALKBH5 and FTO were significantly downregulated in KIRC compared to normal tissues, and their low expression predicted poorer prognosis (37). However, Zhang et al. found that ALKBH5 was highly expressed in KIRC compared to normal tissues, and high expression of ALKBH5 promoted progression of KIRC (38). Notably, a simple analysis of a single m6A gene in KIRC may lead to obvious contradictory results. These differences in results might be because m6A modification is an extremely complex process that is regulated by writers, erasers, and readers. Therefore, systematic analysis of all m6A genes may more comprehensively reflect the m6A modification pattern in the TME. To date, there are some studies performing systematic analysis of multiple m6A genes using bioinformatics algorithms and reported that the m6A modification pattern predicted progression and prognosis of KIRC. Chen et al. systematically analyzed the global m6A modification pattern in KIRC and correlated it with cancer-related gene expressions (39). Zhou et al. found a close relationship between genetic alterations of m6A regulators with clinical characteristics in KIRC (40). Zhang et al. (41), Wang et al. (42), and Chen et al. (43) systematically analyzed the m6A regulators in KIRC and developed a METTL3 and METTL14 based risk score for the prognosis of KIRC. Zhao et al. developed a risk score based on three m6A regulators, including METTL3, METTL14, and HNRNPA2B1 (44). However, all of them have not correlated m6A regulators with TME. Fang et al. systematically analyzed 16 m6A regulators and correlated them with TME. Also, they developed a four-m6A-regulators based risk score only for the prognosis (45). But they have not analyzed the relationship between m6A regulators and ICB response. In addition, their risk score can't predict the immune phenotypes of KIRC and quantify the m6A modification pattern of an individual patient.

Abnormal m6A modification patterns promote the development of cancers (8). In our study, we found that the expression profiles between m6A writers and m6A erasers were imbalanced. Theoretically, these imbalanced expression profiles may cause abnormal m6A modification patterns and consequently lead to KIRC development. In addition, the majority of m6A genes were related to prognosis. More importantly, these m6A genes were related to each other and formed a close interaction network. These findings prompted us to perform a comprehensive clustering analysis instead of analyzing the role of a single m6A gene.

Zhang et al. identified three different m6A clusters in gastric cancer based on 21 m6A genes. After analyzing the landscapes of immunological characteristics, prognosis, and other functions, they connected the three m6A clusters to different immune phenotypes, including inflammatory, excluded, and deserted phenotypes (16). Indeed, the excluded and deserted phenotypes can be unified into a non-inflammatory phenotype. In our study, we similarly identified two m6A clusters that reflected different immune phenotypes.

The TME is a complex system composed of cancer cells, various TIICs, and an extracellular matrix. These TIICs play a distinct role in regulating anticancer immunity. In general, CD8 T cells and natural killer cells were the most important cytotoxic cells that killed tumor cells. Other antitumor TIICs included CD4 T cells, type 1 T helper cells, and type 17 T helper cells (46). Regulatory T cells are recognized as the most important protumor TIICs (46). In addition, there are various immunomodulators, including chemokines, MHC, immune stimulators, immune inhibitors, and receptors (28). The comprehensive effects of these different TIICs and immunomodulators determine the direction of the anticancer immune response. The activities of the anticancer immune response determine the fate of cancer cells. In this study, T cell recruitment activity was higher in m6A cluster 1. Consequently, activated CD8 T cells, activated CD4 T cells, natural killer cells, and type 17 T helper cells were enriched in m6A cluster 1. In contrast, regulatory T cells were enriched in m6A cluster 2. Stromal pathways, such as EMT and Pan-FTBRS signatures, may inhibit anticancer immunity (20). Consistently, the enrichment score of these immune-inhibiting pathways was lower in m6A cluster 1. This evidence indicates that the m6A cluster 1 belongs to an inflammatory phenotype, while m6A cluster 2 reflected a non-inflammatory phenotype. Additionally, pathways that were positively related to the ICB response were enriched in the m6A cluster 1. Therefore, m6A cluster 1 was theoretically more sensitive to ICB.

We developed the m6A score using WGCNA and PCA algorithms. The WGCNA algorithm identified gene sets that are highly related to the specific biological behavior and clinical phenotype of a cohort (32). Genes in these sets are highly correlated with each other. Based on this, the PCA algorithm further calculated the score of genes with the highest correlation with the m6A cluster, while decreasing the contributions from other factors (16, 34). As a result, the m6A score accurately reflected the m6A clusters. In our study, the low m6A score group indicated m6A cluster 1, while the high m6A score group indicated m6A cluster 2. We then evaluated the value of the m6A score in predicting immune phenotypes, prognosis, and ICB response. In general, the m6A score was negatively related to anticancer immunity in the TME. Therefore, the low m6A score group indicated an inflamed phenotype. As a result, the m6A score was negatively related to pathways that were positively related to ICB response.

Theoretically, patients with an inflammatory phenotype may have a better prognosis. However, we found that patient prognosis in the low m6A score group was worse, even though the low m6A score group had an inflammatory phenotype. This could be because several critical inhibitor immune checkpoints, including CTLA-4, PD-1, LAG-3, LAALS3, and TIGIT, were significantly highly expressed in the low m6A score group. Higher expression of these immune checkpoints may limit cytotoxic immune cell activities in the TME, such as CD8 T cells, causing these cytotoxic cells to be in an exhausted functional state (47, 48). Finally, the robustness of the m6A score was invalidated in external cohorts.

Both targeted therapy and ICB have been recommended as first-line treatments for advanced KIRC (2–4). However, it is difficult to determine an individual's optimal treatment option, which prompted us to explore more accurate predictive biomarkers. Here, the m6A score may be a potential biomarker to guide clinical decision-making and help us achieve individualized and precision treatment. First, we identified a highly consistent result that all targeted therapy drugs' sensitivities were significantly lower in the low m6A score group, indicating that patients with high m6A scores might be suitable candidates to receive targeted therapy. In contrast, patients with low m6A scores may be the optimal candidates to receive ICB. More importantly, we demonstrated that this m6A score may be a generalized predictor for the response to ICB in other cancer types.

Several inevitable shortcomings exist in this study. First, all conclusions came from public databases, including validations. This weakens the use of these conclusions for the future. Therefore, it is necessary to validate these findings with experiments in vivo and in vitro and more data from our center in the future. Second, in order to enlarge our sample size and verify our results, we pooled data from TCGA and GEO together. However, despite the inevitable analysis error caused by different sequencing platforms, we found that the results found in TCGA can be successfully verified in multiple independent external datasets, which enhanced the reliability of our results. Third, it is difficult to unify the same cutoff value of the m6A score in different cohorts due to the differences in sequencing platform and batch effects. Alternatively, we used the survcutpoint function to calculate the optimal cutoff values.

In conclusion, this work revealed that m6A modification patterns played significant role in regulating the TME of KIRC, including immunological characters, mutation profiles and other functional pathways. Based on the comprehensive m6A patterns, we first identified m6A clusters and m6A scores to elucidate immune phenotypes and to predict the prognosis and immunotherapy response in KIRC. Finally, the m6A clusters and m6A scores can guide urologists for making more precise clinical decision.
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Background

Alternative splicing (AS) is an indispensable post-transcriptional modification applied during the maturation of mRNA, and AS defects have been associated with many cancers. This study was designed to thoroughly analyze AS events in bladder urothelial carcinoma (BLCA) at the genome-wide level.



Methods

We adopted a gap analysis to screen for significant differential AS events (DASEs) associated with BLCA. DASEs with prognostic value for OS and the disease-free interval (DFI) were identified by Cox analysis. In addition, a differential AS network and AS clusters were identified using unsupervised cluster analysis. We examined differences in the sensitivity to chemotherapy and immunotherapy between BLCA patients with high and low overall survival (OS) risk.



Results

An extensive number of DASEs (296) were found to be clinically relevant in BLCA. A prognosis model was established based prognostic value of OS and DFI. CUGBP elav-like family member 2 (CELF2) was identified as a hub splicing factor for AS networks. We also identified AS clusters associated with OS using unsupervised cluster analysis, and we predicted that the effects of cisplatin and gemcitabine chemotherapy would be different between high- and low-risk groups based on OS prognosis.



Conclusion

We completed a comprehensive analysis of AS events in BLCA at the genome-wide level. The present findings revealed that DASEs and splicing factors tended to impact BLCA patient survival and sensitivity to chemotherapy drugs, which may provide novel prospects for BLCA therapies.





Keywords: alternative splicing (AS), bladder urothelial carcinoma (BLCA), prognosis signature, regulatory network, splicing factor, immuno/chemotherapies



Introduction

Bladder urothelial carcinoma (BLCA) is a common genitourinary malignancy, with an estimated 430,000 cases diagnosed annually worldwide, associated with 165,000 deaths (1). Some effective methods used for diagnosis and treatment include intravesical Bacillus Calmette and Guérin, which is used to treat intermediate- and high-risk, non-muscle-invasive bladder cancer; and immunotherapy with checkpoint inhibition, targeted therapies, and antibody–drug conjugates, which are used to treat muscle-invasive and advanced diseases. These treatments have been developed due to the profound understanding of the molecular biology and genetics underlying BLCA (2). However, studies are continuously necessary to continue probing unexploited mechanisms for the treatment of BLCA. One study identified over 4,632 survival-associated alternative splicing (AS) events (SASEs) in BLCA and indicated that the overall incidence of SASEs correlated strongly with survival (3), which indicated that AS might be a noteworthy regulatory mechanism in BLCA.

The AS process represents a critical post-transcriptional modification that allows for a single gene to produce diverse mRNA and protein isoforms, contributing to the rich proteome in somatic cells (4). Aberrations in splicing events and their regulators, which are known as splicing factors (SFs), can lead to the development and progression of cancer (5). The identified correlations between AS and some cancers, such as prostate, lung, gastric, and breast cancers, have suggested that AS may serve as a cancer hallmark and treatment target (6–9). Researchers have long recognized that AS events are relevant to bladder cancer (10). Recently, studies have expanded the exploration of the SF–AS regulatory pathway in tumor biology and function in BLCA. For example, polypyrimidine tract-binding protein 1 (PTBP1) directly regulates the splicing of pyruvate kinase isozyme M2 (PKM2) and MEIS2-L, and these two splicing events induce cell proliferation and lymph node metastasis, respectively (11). Similarly, non-POU domain-containing octamer-binding protein (NONO) can mediate a series of oncogenic expression events by regulating the SET domain and mariner transposase fusion gene (SETMAR) (12). The AS–SF network appears to play a strong regulatory role in BLCA. Therefore, the in-depth analysis of AS in BLCA at the whole-genome level may be clinically relevant.

Bioinformatics analyses examining AS in recent years have commonly been based on SASEs, which has allowed for the construction of prognostic models with good performance. To determine intrinsic discrepancies between tumor and normal tissues, gap analysis is crucial for oncology research. Differential AS events (DASEs) describe discrepancies in the splice sites between a pair of samples, which is vital to understanding AS and its regulatory mechanisms. Thus, we aimed to explore DASEs in BLCA.

In this study, we systematically analyzed DASEs using data obtained from The Cancer Genome Atlas (TCGA) SpliceSeq database and prognosis biomarkers associated with BLCA. We conducted survival analyses and established an overall survival (OS) and DFI prognosis model for BLCA. Based on our results, we explored differences in the sensitivity to immunotherapy and chemotherapy among BLCA patients with high or low OS risk. In addition, we performed an unsupervised cluster analysis and constructed a differential AS network, in which we defined three sample clusters and identified eight key SFs associated with 186 DASEs.



Materials and Methods


Data Gathering and Processing

TCGA SpliceSeq (https://bioinformatics.mdanderson.org/TCGASpliceSeq/) is a database for studying the splicing patterns identified among TCGA RNA sequencing (RNAseq) data. The percent spliced in (PSI) value, which is an intuitive ratio ranging from 1 to 0, can be utilized to quantify AS events and categorize seven AS types: alternate acceptor site (AA), alternate donor site (AD), alternate promoter (AP), alternate terminator (AT), exon skip (ES), mutually exclusive exons (ME), and retained intron (RI) (Figure 1A) (13). Following the standards of “the percentage of samples with PSI = 100%”, we screened the splicing patterns of protein-encoding genes among BLCA patients. The upsetR package was used to draw an upsetR plot to describe the quantity of genes alternatively spliced. We also obtained RNAseq data for BLCA patients from TCGA (using the Genomic Data Commons data portal at https://portal.gdc.cancer.gov/). Clinical data, including survival, age, sex, and cancer stage, were obtained from UCSC Xena (http://xena.ucsc.edu/). The inclusion criteria for BLCA patient samples included date regarding survival time and survival state and OS > 30 days. We included 425 cancer-related samples (including 406 tumor tissues and 19 normal adjacent tissues) in our study, based on the integration of AS data, expression profiles, and other clinical information (Table 1). All statistical analysis in the context were performed using R (version: 3.6.2).




Figure 1 | (A) Schematic diagram of AS. (B) Histogram of overall AS events and the number of genes involved. (C) The UpSetR plot showing the relationships between overall AS event-related genes across different types.




Table 1 | Clinical features of bladder urothelial carcinoma.





Differential Splicing Event Analysis

We compared tumor samples with adjacent normal tissue samples to identify DASEs with an average PSI > 0.05. The Wilcoxon rank-sum test was performed to evaluate the significance of DASEs between samples, and the Benjamini–Hochberg method was used to correct for multiple testing. We then defined DASEs with adjusted P-values < 0.05 and |log2 (fold change)| > 1 as significant. To detect commonly occurring AS events, the following quality control rules were defined: first, the percentage of samples with PSI = 100% were included, and, second, the average PSI > 0.05. This allowed for the exclusion of rare AS events. We used pheatmap R package to draw a heatmap of top 20 DASEs and ggpubr package to draw a box plot of top 3 DASEs in order to show overall condition of DASEs in BLCA. Therefore, the model established here can be applied to non-special and larger sample populations. In addition, we also analyzed the differential expression of protein-encoding genes between tumor tissues and normal adjacent tissues using the edgeR package (standardized by calcNormFactors [expr, method = “TMM”] in edgeR). Differentially expressed genes (DEGs) were corrected by the Benjamini–Hochberg method by defining significant DEGs as those with P-values < 0.05 and |log2 (fold change)| > 1. To further understand the regulatory role played by AS-associated genes in BLCA, we submitted the identified DASE-related genes to the STRING database (www.string-db.org/) to generate a protein–protein interaction (PPI) network. The “multiple proteins” column was selected.



Survival Analysis

First, we used a survival R package to perform a univariate Cox regression analysis to identify correlations between DASEs and survival in BLCA (including OS and DFI; samples with OS and DFI values greater than 30 days were retained for analysis). Second, the top 10 survival-related DASEs in BLCA were included in the stepwise Cox regression analysis, and a prognostic risk score was determined based on a linear combination of the AS PSI multiplied by the corresponding regression coefficient (b), which was used to represent the correlation weight. This regression coefficient was calculated from the multivariate Cox proportional hazard regression model, and the risk score formula was as follows:

	

	

	

Based on the results of the stepwise Cox regression analysis, prognostic AS events in BLCA were identified, and corresponding OS and DFI prognostic models were constructed. We used the survminer R package to draw a Kaplan–Meier curve, which shows the top 10 individual DASEs and survival times to determine whether the prognosis models were able to distinguish favorable or poor patient prognoses. We calculated the area under the receiver operating characteristic (ROC) curve (AUC) using a survivalROC R package to further evaluate the OS and DFI prognosis models over a 5-year survival period.



The Construction of an Alternative Splicing Network

The SF is a key regulator of AS. In the tumor microenvironment, a limited number of SFs can regulate multiple AS events. First, we collated a list of human SFs from a human SF database (14, 15). Second, we extracted SF-related gene expression profile data for BLCA, analyzed the identified SFs with an edgeR package, and corrected them using the Benjamin–Hochberg method. SFs with P-values < 0.05 and |log2 (fold change)| > 1 were defined as differential expressing SFs. Third, the Spearman test was used to analyze the potential regulatory correlations between the expression of various SFs and the occurrence of DASEs, in which correlations with P-values < 0.05 and |R| > 0.4 were deemed significant. The regulatory network of AS events and SFs in BLCA was constructed by using Cytoscape (version:3.6.0). Finally, we adopted the ClueGO plug-in for Cytoscape to analyze the gene ontology (GO) and functional enrichment of the related genes in the network, and we identified significantly related GO terms (P-value < 0.05). In addition, univariate Cox regression analysis and survival analysis were employed to identify the impacts of identified SFs on survival.



Identification of Alternative Splicing Clusters Associated With Prognosis and Molecular Subtypes

AS events vary greatly at the individual level. We applied an unsupervised consensus method performed by ConsensusClusterPlus R package to identify AS clusters for BLCA (related parameters: distance = “Euclidean”; clusterAlg = “km”). We analyzed the relationships between AS clusters and survival time and further examined relevant clinical information (including age, sex, T, N, M, and stage) to identify associations between clinical information and AS clusters.



Predictions for Immunotherapy and Chemotherapy

Based on the data obtained from the publicly available pharmacogenomics database, The Genomics of Drug Sensitivity in Cancer (GDSC at https://www.cancerrxgene.org/) (16), we predicted the chemotherapeutic response of each sample. During this process, the pRRophetic R package was used to generate forecasts, in which the minimal inhibitory concentration (IC50) value of the sample was estimated by ridge regression, and the prediction accuracy was evaluated based on a ten-fold cross-validation of the GDSC training set (pRRopheticPredict [test matrix = Data; drug = Drug; tissue type = “allSolidTumors”; batchCorrect = “eb”; remove Low Varying Genes = 0.2], all other parameters were set to default). We selected two commonly used chemicals (cisplatin and gemcitabine) to individually predict the IC50 values of each BLCA sample, and we calculated the differences in chemotherapeutic responses between the two drugs for the high- and low-risk groups, categorized by the AS-based OS prognosis using the Wilcoxon rank-sum test (P-values < 0.05). We also utilized the submap algorithm of TIDE (http://tide.dfci.harvard.edu/) and GenePattern (https://cloud.genepattern.org/gp) to predict discrepancies in the clinical responses to immune checkpoint blockades among BLCA patients who were at either high or low risk, according to the AS-based OS prognoses. On the TIDE, we chose “others” in the column “Cancer type” and “no” in the column of “Previous immunotherapy.” Fisher’s exact test was used to verify the relevance between OS-grouping and the immunotherapy response. On GenePattern, a submap was used for analysis and Bonferroni’s post hoc test was used to correct P-values. The overall framework of this study is shown in Figure 2.




Figure 2 | Overall framework of the study.






Results


Overview of Alternative Splicing Events in BLCA

A synthetic analysis of AS profiles in human BLCA was employed. A total of 13,747 AS events associated with 5,174 genes were identified. In detail, we detected 736 instances of the AA splice type, involving 598 genes; 609 instances of the AD splice type, involving 459 genes; 1,629 instances of the AP splice type, involving 651 genes; 6,739 instances of the AT splice type, involving 2,937 genes; 2,957 instances of the ES splice type, involving 1,855 genes; 38 instances of the ME splice type, involving 38 genes; and 1,039 instances of the RI splice type, involving 791 genes, as shown in Figures 1A, B. The AT splice type was the most common type identified (> 49%), and ES was the second most frequent type (> 21%), whereas ME was the rarest type. A given gene could be associated with multiple types of AS events, with some genes associated with up to five or six variable splicing types (Figure 1C). The information of 425 included samples is shown in Supplementary Table S1.



Identification of Differential Alternative Splicing Events

We identified 296 DASEs by comparing the BLCA group with the control group, associated with 272 genes (Figure 3A). To investigate the relationship between DEGs and DASEs, 4,752 DEGs were identified in BLCA compared with the control group (2,679 upregulated genes and 2,073 downregulated genes) Representative DASE are shown as heat plot (Figure 3B) and box plot (Figure 3C).The results of all and selected DASEs and DEGs were offered as Supplementary Table S2-S5.




Figure 3 | (A) Histogram of DASE distribution in BLCA. (B) Heat map of the top 20 differentially AS events in BLCA. (C) Box plot of variable shear events among the top three alternative splice events in BLCA. *** represents p values < 0.0001.





The Construction of the PPI Network

We performed a PPI network analysis of differentially AS-related genes in BLCA and identified several hub genes based on the number of collected genes. We identified 186 nodes and 392 edges in the PPI network, including the hub nodes UBA52 (degree = 35), RPS27A (degree = 32), PSMC5 (degree = 16), RPL7 (degree = 15), and PKM (degree = 15) (Figure 4). The GO analysis of proteins in the network was shown in Supplementary Table S6.




Figure 4 | PPI network constructed by different alternative splicing-related genes in BLCA. The dots represent alternatively spliced genes, whereas the edges represent the relationships between the proteins corresponding to those genes. The shapes of the dots represent the AS types; the color of the dots represents the changes in gene expression. The size of the node represents |log2 (fold change)|.





The Construction of a Prognostic Alternative Splicing Event Model

To probe the prognostic value of AS events in BLCA patients, we first adopted a univariate Cox regression analysis to evaluate the influence of AS events on the prognoses of BLCA patients. We detected 87 OS-related and 12 DFI-related AS events among the identified DASEs in BLCA. Both groups of AS events were most commonly associated with the AT and AP types (21 APs and 33 ATs in the OS group, accounting for > 62%; all DFIs were either AP or AT types, with 3 APs and 9 ATs). We also identified events that were related to both OS and DFI (total two), and plotted a forest map (Figure 5C).




Figure 5 | (A) Kaplan–Meier curve of the four AS events associated with OS. (B) Kaplan–Meier curve of the top four AS events associated with DFI. (C) Comparison of AS events associated with OS and DFI in univariate Cox regression analysis of BLCA. (D) Comparison of univariate Cox analysis and stepwise Cox analysis of AS events associated with OS and DFI prognoses. (E, F): Kaplan–Meier plot, risk score plot, and survival state plot of OS and DFI prognostic models for BLCA.



Next, we attempted to identify independent prognostic factors associated with BLCA patients. We selected the top 10 OS- and DFI-related AS events in BLCA as candidate factors and utilized a stepwise Cox regression analysis to select independent prognostic-related AS events to establish various prognostic models (the top four event-related survival curves are shown in Figures 5A, B; the remaining six curves are shown in Supplementary Figure S1). Three independent prognostic factors were associated with OS, and five independent prognostic factors were associated with DFI (Figure 5D). In the light of the median risk scores calculated for the OS and DFI prognostic models, BLCA patients were separated into a low-risk group and a high-risk group. Both the OS and DFI prognostic models showed the significant ability to differentiate survival among BLCA patients, and the DFI model showed better performance (OS: p = 1.03505e−05, AUC = 0.6767398; DFI: p = 0.0003621185, AUC = 0.8965976; see Figures 5E, F). The detailed parameters of clusters are submitted as “Data Sheet File for clustering”.



The Construction of an Alternative Splicing Network Based on Gap Analysis

Considering the notable differences in AS events in BLCA, we further analyzed the relationships between AS events and SFs. First, we investigated the differentially expressed SFs in BLCA, and we distinguished eight differential SFs: CELF2, MBNL1, NOVA1, PTBP2, KHDRBS2, ELAVL2, ELAVL3, and ELAVL4. Of these, ELAV2, ELAVL3, and ELAVL4 were upregulated in BLCA, and CELF2, MBNL1, NOVA1, PTBP2, and KHDRBS2 were downregulated (Figure 6A). Then we evaluated the correlations between DASEs and differentially expressed SFs, and we chose highly correlated pairs (|R| > 0.4 and P-value < 0.05) to generate a differential AS network. Among these SFs, CELF2 is a pivotal splicing factor in the network, associated with 37 different AS events but is also negatively correlated with 26 different AS events. The MBNL1 and NOVA1 SFs also tended to be negatively correlated with most AS events (Figure 6B). In addition, we analyzed the GO-based functional enrichment of genes in the AS network for BLCA, and a total of six GO terms were significantly enriched (Figure 6C). Ultimately, to evaluate the “performance” of these differential SFs, we performed a survival analysis and found that NOVA1 was associated with survival-related ability, as were ELAV4 and ELAV3 (Figure 7).




Figure 6 | (A) Box plot of differentially expressed SFs in BLCA. (B) Different AS networks in BLCA. (C) Gene-rich GO terms in different AS networks in BLCA. * represents p values< 0.05, ** represents p values < 0.01, *** represents p values< 0.001.






Figure 7 | Kaplan–Meier survival curve for eight hub SFs.





Prognosis-Associated Alternative Splicing Clusters

We performed an unsupervised analysis of all selected samples based on the AS events in BLCA to further identify different AS patterns. According to a consensus cluster plus analysis, using a consensus value range from 0 (white, samples never gathered together) to 1 (dark blue, samples always gathered together), three groups of samples were categorized, as follows: C1 (n = 116, 28.57%), C2 (n = 125, 30.79%) and C3 (n = 165, 40.64%) (Figure 8A).




Figure 8 | (A) The consensus matrix of BLCA defines three sample clusters. (B, C) Kaplan–Meier survival curves for BLCA associated with different AS clusters for OS and DFI. (D) Heatmap showing AS events and the distribution of clinical information across different AS clusters in BLCA.



Subsequently, we conducted a survival analysis of BLCA samples to appraise the relevance of the identified clusters for OS/DFI prognosis. The results showed that AS clusters were associated with different OS survival modes (P = 0.0003680077, see Figure 8B) but not with different DFI survival modes (P = 0.4414947, see Figure 8C).

We further analyzed related information for BLCA samples, such as OS (alive or dead), DFI (disease-free or recurrence), survival time (OS/DFI > 5 years or ≤ 5 years), age (age > 60 or ≤ 60), sex (female or male), T, N, M, stage, and the presence of TP53, KRAS, BRAF, and other common cancer-driving genetic mutations. Some of this information was not randomly distributed. For example, discrepancies in the OS, T, N, and stage values were identified among the AS clusters associated with BLCA (Chi-square test, P-values < 0.05). Among these, the driving gene TP53 was mutated in 192 samples (accounting for > 47%), but no significant difference was observed for the TP53 distribution across the AS clusters (Chi-square test, P-values > 0.05; Figure 8D). Therefore, we were also able to identify molecular subtypes associated with prognoses through AS events.



Sensitivity Differences to Immunotherapy and Chemotherapy Between the High- and Low-Risk Groups

First, we analyzed the response to immunotherapy in BLCA and used the TIDE algorithm to predict the response to immunotherapy. Notable differences in the responses to immunotherapy were observed between the high-risk group (19.10%, 38/199) and the low-risk group (57.58%, 114/198) (using Fishers exact test, p = 1.674e−15, and the Chi-square test, p = 7.065e−15). In addition to the TIDE prediction, we also compared the expression profiles of BLCA patients with high and low risk for OS using a submap algorithm, and we compared these outcomes with another data set derived from melanoma patients who were responsive to immunotherapy (17). We found that although no significant responses to immunotherapy were identified after correction via the Benjamini–Hochberg method in patients with high and low risk for OS, anti-programmed cell death protein 1 (PD-1) and cytotoxic T-lymphocyte-associated protein (CTLA4) therapy appears to be effective in the high-risk group without correction (PD-1 P = 0.04995005; CTLA4 P = 0.03496503; see Figure 9A).




Figure 9 | (A) Difference in the immunotherapy responses among BLCA patients at high and low risk of OS. (B) Differences in the cisplatin and gemcitabine chemotherapy responses among patients with BLCA at high and low risk of OS. * represents p values< 0.05, ** represents p values < 0.01, *** represents p values< 0.001.



Next, we considered the discrepancies in the responses to chemotherapy among BLCA patients and attempted to assess the differences in the responses to two chemicals (cisplatin and gemcitabine) between patients with high and low risk for OS. Thus, we trained a prediction model using the R package “pRRophetic” on the GDSC cell line dataset, using a ridge regression. We appraised its prediction accuracy through a ten-fold cross-validation. Based on the prediction model for these two chemicals, we estimated the IC50 values for each sample in the BLCA group. For these two chemicals, we observed significant differences in the IC50 values for cisplatin and gemcitabine in patients with high and low risk for OS associated with BLCA (cisplatin P = 1.918960e−07; gemcitabine P = 1.303591e−03; see Figure 9B).




Discussion

Changes in AS events can have significant effects on oncogenesis and tumor progression (18). For example, the SF SF3B3 is upregulated and contributes to tumorigenesis by regulating EZH2 pre-mRNA splicing, representing a key prognostic factor and therapeutic target in clear cell renal cell carcinoma (19). Similarly, many recent studies have shown that DASEs regulated by differentially expressed SFs have effects on tumorigenesis, the epithelial–mesenchymal transition, and lymphatic metastasis (12, 20–24). Therefore, analyses of DASEs can be meaningful in an oncogenic context. Alternative splicing is widely present in metazoans. The genes regulated by AS typically differ from DEGs, emphasizing a different biological process. Figure 4 shows that DEGs can be differentially spliced, as can many non-DEGs, indicating that differential AS is a widespread regulatory mechanism that can act to supplement DEGs. We therefore aimed to emphasize the study of DASEs, rather than DEGs. To achieve this goal, we set the “percentage of samples with PSI value = 100%” and the average PSI > 0.05, which ensured that the incorporated DASEs occurred in all samples, making our analyses and models applicable to most cases. As for the gathering of DEGs, we used conventional methods with edge R package, and this can be regarded “another system” compared with the methods of gathering DASEs.

Given the potential importance of AS events in tumor biology, attention has been paid to the clinical relevance of AS events in cancer. Previous research based on TCGA datasets revealed the prognostic value of AS events in BLCA (3). Guo et al. reported that single-nucleotide polymorphisms can influence specific splicing events and are associated with BLCA risk scores (25). We also examined the profile and clinical relevance of AS events in BLCA by performing a pan-cancer analysis (26). Recently, some AS bioinformatics analyses reported the good performance of AS events in predicting prognosis (27–29). However, these studies have been based on SASEs, which explains their good prognosis-predicting performance. According to other studies (30, 31), the analysis of DASEs or cancer-specific AS events can also show significant results. In this study, we performed systematic analyses to determine the prognostic value of DASEs in BLCA. The results of univariate Cox regression analysis showed a strong correlation between DASEs and survival, suggesting that several DASEs events affect survival. The top 10 events identified in OS and DFI showed strong correlations with survival time. In the stepwise Cox regression analysis, independent prognostic AS events were identified in association with both OS and DFI. For the constructed prognostic model, however, the AUC value of OS was unfortunately not higher than 0.7, suggesting an insignificant result.

AS is regulated by a complex network and anomalous AS events and their associated regulatory factors should be investigated. Based on the differential AS genes, we constructed a PPI network to display how differential protein variants interact in BLCA (Figure 4). The plot offers a glimpse into changes in AS gene expression, AS types, and PPI. However, only a minority of the genes in the network have been identified as being alternatively spliced. For example, PKM exon 9 is skipped more frequently in BLCA (11). Although this network may be forward-looking, the available evidence to support the authenticity of this model is currently insufficient.

SFs are a series of RNA-binding proteins that can shear pre-RNA, and studying AS is vital. According to the network, eight SFs and numerous predictive pathways were associated with DASEs in BLCA. Little mechanism-based research exists for these eight SFs (CELF2, MBNL1, NOVA1, PTBP2, KHDRBS2, ELAVL2, ELAVL3, and ELAVL4) in BLCA; thus, further studies remain necessary. CELF2, an RNA-binding protein, can modulate RNA stability and translation by attaching to UG-rich sequence elements of introns, which can promote apoptosis and autophagy and regulate alternative polyadenylation (32–37). In this analysis, CELF2 was identified as a hub SF within the network; it was expressed at remarkably low levels and played a regulatory role for 37 DASEs. In addition, MBNL1 was the second most important SF. CELF2 and MBNL1 share some downstream genes and were both expressed at low levels, which agrees with the results of a recent research on the reciprocal regulatory roles of CELF2 and other SF (38). Most intensive studies have suggested that AS is regulated in a combinatorial manner by several SFs, which can be either synergistic or antagonistic (39). The cross-regulatory roles of SFs may have multifaceted effects for shaping cellular functions. Thus, further research referencing our AS network may be of great value. In the survival analysis, the SFs associated with DASEs did not present strong survival-related abilities. However, an increased potential population of downstream factors increases the functional complexity. These SFs were obtained by gap analysis, instead of survival analysis, which may explain why only NOVA1 appears to be a survival-related SF (Figure 7).

We did not identify any optimal prognostic AS clusters after conducting various classifications. BLCA has diverse biological specificity, suggesting that an increase in the number of clustering groups should be beneficial. According to the prognostic value of DASEs, we separated the sample into three groups of clusters related to prognoses in the case of OS while we failed to make the clustering relate to prognoses in the case of DFI. After overall consideration, we chose to retain this triple classification scheme.

AS events can also affect tumor immunity and sensitivity to chemotherapy drugs (40). To explore the immunotherapy response, the TIDE algorithm was used to determine significant differences in immunotherapy responses among the AS clusters (the responses were better in the low-risk group). Although the TIDE algorithm is the most effective method for predicting the immunotherapy response in melanoma (41), it may not be valid in other tumors. We have found that the TIDE algorithm appears to be useful for cervical squamous cell carcinoma (42) and BLCA. Predicting the response to immune checkpoint blockade therapy can be difficult, and only a small portion of patients obtain benefits from therapy; however, no currently available alternative methods can predict the response to immunotherapy. In this situation, any attempts to predict the immunotherapy response may be useful. We were able to identify differences in the immunotherapy response between groups according to OS. We then used a submap algorithm to predict whether differences could be identified in response to anti-PD-1 and anti-CTAL-4 between the low- and high-risk groups. Although no significant differences were detected after correction, the high-risk group showed promise for the response to anti-PD-1 and anti-CTAL-4 treatment without correction. In the prediction to chemotherapy response, cisplatin and gemcitabine showed significant differences between patients with high and low BLCA risks. We tested two clustering mechanisms, including AS clustering (dividing samples into three groups) and high/low-risk of OS grouping (mentioned in section 3.6), and found that risk grouping provided better predictive results.

Within this limited study, we systematically analyzed AS events, associated SFs, prognostic signatures, and sensitivity to immunotherapy and chemotherapy in BLCA. Further verification of these findings remains necessary through subsequent studies of DASEs and SFs, both in vivo and in vitro, and examining AS signatures in various population cohort studies is worth pursuing.



Conclusion

Overall, we performed a novel study of the AS regulatory networks that may be involved in the oncogenesis of BLCA. In addition, an AS-based prognostic model was established, and the low-risk group showed greater sensitivity to immuno- and chemotherapy.
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The cysteine-serine-rich nuclear protein (CSRNP) family has prognostic value for various cancers. However, the association between this proteins and prognosis of clear cell renal cell carcinoma (ccRCC) remains unclear. This study aimed to determine the prognostic value of the CSRNP family for patients with ccRCC. Therefore, the gene expression profiling interactive analysis database was used to analyze the mRNA expression of CSRNP family members (CSRNPs) in relation with survival. Combined and independent prognostic values of CSRNPs were evaluated using SurvExpress and multivariate Cox regression analyses, respectively. Potential signaling pathways impacted by CSRNPs were evaluated using Metascape. Associations between the CSRNP family and immunocyte infiltration were determined from single-sample gene set enrichment analysis. Both cBioPortal and MethSurv were used to explore whether genomic and epidemic alterations might influence prognosis. We found that when both CSRNP1 and CSRNP3 had a low expression, patients with ccRCC had a worse overall survival (OS). Therefore, a prognostic signature was constructed as follows: risk score = −0.224 × expmRNA of CSRNP1 + 0.820 × expmRNA of CSRNP2 − 1.428 × expmRNA of CSRNP3. We found that OS was worse in patients from the high- than from the low-risk groups (AUC = 0.69). Moreover, this signature was an independent predictor after adjusting for clinical features. Functional enrichment analysis positively associated CSRNPs with the acute inflammatory response and humoral immune response pathways. This was validated by correlating each CSRNP with 28 types of immunocytes in tumor and normal tissues. A higher expression of CSRNP1 and CSRNP3 was associated with a better prognosis in both the high- and low-mutant burden groups. Cg19538674, cg07772537, and cg07811002 of CSRNP1, CSRNP2, and CSRNP3, respectively, were the predominant DNA methylation sites affecting OS. The CSRNP gene family signature may serve as a prognostic biomarker for predicting OS in patients with ccRCC. The association between CSRNPs and immune infiltration might offer future clinical treatment options.
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Introduction

Renal cell carcinoma (RCC) has multiple histological subtypes; together, they account for nearly 3% of all human malignant carcinomas (1). The incidence and mortality of RCC continue to increase, and predictions in the United States indicated that 73,750 new cases should be expected in 2020, and that these would directly result in 14,830 deaths (2). The most prevalent (70%–80%) histology of RCC is clear cell renal cell carcinoma (ccRCC) (3). However, 20%–30% of patients with ccRCC have confirmed metastasis at the time of diagnosis (4). Furthermore, although targeted therapy is promising, the 5-year survival rate of patients with metastatic ccRCC remains < 10% (5). Therefore, novel effective biomarkers should be explored to predict the prognoses of patients with ccRCC.

The cysteine-serine-rich nuclear protein (CSRNP) family members, CSRNP1, CSRNP2, and CSRNP3, have been considered as nuclear proteins (6). Their corresponding transcription factors, which are conserved from Drosophila to humans (7), play essential roles in many important processes, such as cephalic neural progenitor proliferation, overall zebrafish survival (8), and mouse development (6).

Interleukin-2 induces CSRNP1 (also known as Axin1 upregulated 1; AXUD1) in mouse T cells; it expresses a 1.7 kb transcript with five exons in some malignant cancers, such as kidney, liver, lung, and colon carcinomas (9). Besides, a 4.1 kb CSRNP2 transcript has been detected in numerous mammalian organs, especially in the brain, ovary, and thymus. Finally, CSRNP3 (also known as Mbu-1) is a brain-specific gene (10); it is expressed in the brain and spinal cords of embryonic to adult mice only (11). These findings suggested that the CSRNP gene family might have great value in different cancers. However, few publications have described associations between CSRNP family members and the prognoses of patients with ccRCC.

We therefore explored the distinct expression and multilevel prognostic values of CSRNPs using integrative bioinformatics analysis tools to provide further guidance for the diagnosis and clinical therapy of patients with ccRCC.



Materials and Methods


mRNA Expression of CSRNPs and Patient Survival

We explored whether the expression of CSRNP family members, which are involved in different clinical stages and affect the prognosis of ccRCC, differed between ccRCC and normal tissues. We therefore analyzed mRNA expression, stage-specific expression, overall survival (OS), and CSRNPs matching normal and genotype-tissue expression (GTEx) data derived from The Cancer Genome Atlas (TCGA), using the Gene Expression Profiling Interactive Analysis (GEPIA) online tool (12) (http://gepia.cancer-pku.cn/), to investigate genomic functionality. We obtained the expression profile of TCGA-KIRC from UCSC Xena (https://xenabrowser.net/datapages/?cohort=GDC%20TCGA%20Kidney%20Clear%20Cell%20Carcinoma%20(KIRC)&
removeHub=https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443) and the expression profile and clinical features of GSE29609 from the Gene Expression Omnibus (http://www.ncbi.nlm.nih.gov/geo/).



Prognostic Values of the CSRNP Family Signature

We aimed to construct a comprehensive CSRNP family signature to better predict the OS of ccRCC patients. The SurvExpress online tool (13) (http://bioinformatica.mty.itesm.mx:8080/Biomatec/SurvivaX.jsp) was utilized to construct and evaluate the prognostic value of the CSRNP family signature. Here, a risk score formula was obtained, and the risk score for each patient was automatically generated. Patients were assigned to high- or low-risk groups based on the median cutoff value of the risk scores. Moreover, the independent prognostic value of the CSRNP family signature was determined using multivariate Cox regression analysis incorporating age, gender, grade, stage, and the signature.



Functional Enrichment Analysis of Differentially Expressed Genes (DEGs) Between Healthy and Tumor Groups and High- and Low- Risk Groups

We then investigated the correlations between potentially critical pathways and the risk score model. First, DEGs between normal or adjacent tissues and ccRCC (|log2FC| > 1 and P < 0.05) were detected using volcano plots. Then, samples were classified as belonging to the high- or low-risk groups based on the median cutoff of the risk score model; DEGs between these two groups (|log2FC| > 1 and P < 0.05) were also identified via volcano plots. Finally, DEGs that merged in Venn diagrams were considered as risk-related DEGs and selected for further analysis by Metascape (14) (http://metascape.org/gp/index.html).



Correlations Between CSRNPs and Immune Infiltration

According to the results of the functional enrichment analysis, CSRNP family members may play a role in ccRCC immunotherapy-related signaling pathways. To further verify this finding, we calculated the immune infiltration of 28 immunocytes using a set of genes determined by single-sample gene set enrichment analysis (ssGSEA) (15). Subsequently, the correlations between each CSRNP family gene and the 28 immunocytes were evaluated in normal kidney and ccRCC tumor samples.



Prognosis of Genetic and Epigenetic Changes in CSRNP Family Members

Since the transcriptional gene expression profile could be affected by genetic and epigenetic changes (16, 17), we examined whether CSRNP family genetically and epigenetically influenced the prognosis of ccRCC.

First, genetic alterations, which mainly comprised missense and truncating mutations, amplification, and deep deletion, were analyzed using cBioPortal (18) (http://www.cbioportal.org/). Patients were assigned to groups with a high- or a low-mutant burden based on the median cutoff value, and their survival was analyzed using Kaplan-Meier (K-M) curves according to the genetic alterations found in each CSRNP family gene.

Then, we assessed epigenetic changes in the CSRNP family, and evaluated the relative DNA methylation site data from TCGA using the comprehensive bioinformatics platform MethSurv (19) (https://biit.cs.ut.ee/methsurv/). Moreover, the prognostic values of all methylation sites associated with CSRNP family members were assessed.



Statistical Analysis

Univariate and multivariate Cox regression analyses of CSRNP family members were performed for assessing the OS of patients, using hazard ratios (HR) and a 95% confidence interval (95% CI). Paired t-tests were conducted to compare tumor and adjacent normal tissues from patients from the TCGA-KIRC dataset. OS was evaluated using the K-M curves. P values < 0.05 were considered statistically significant.




Results


mRNA Expression Levels of CSRNP Family and OS

CSRNP1, CSRNP2, and CSRNP3 were significantly less abundant in ccRCC (n = 532) than in normal (n = 72) tissue sample data from TCGA-KIRC database (Figures 1A–C). Moreover, comparisons of paired tumor and adjacent normal tissues from patients generated similar results (Figures 1A–C). We also found that CSRNP1 displayed significantly different stage-specific expression: the more advanced the ccRCC stage, the lower the CSRNP1 expression (Figure 1D). However, the expression of CSRNP2 did not differ between stages (Figure 1E), whereas CSRNP3 showed a higher expression in stage I than in stage II-IV ccRCC samples (Figure 1F). We also compared the expression of CSRNPs across different Fuhrman grades based on GSE29609 and found no significant differences (Figure S1).




Figure 1 | mRNA expression, stage-specific expression, and overall survival of CSRNP gene family members according to GEPIA. (A–C) mRNA expression of CSRNP family members in tumor and normal tissues (upper image), and paired tumor and normal tissues (lower image). Green: tumor tissues; gray: normal tissues. (D–F) Stage-specific mRNA expression of CSRNP family members. (G–I) Kaplan-Meier curves of the overall survival analysis in relation to the CSRNP family.



We then evaluated whether CSRNP mRNA levels affected the prognosis of ccRCC, and found that high mRNA levels of CSRNP1 (HR: 0.60, P = 0.001) and CSRNP3 (HR: 0.55, P < 0.001) were significantly correlated with favorable OS (Figures 1G, I). In contrast, the mRNA expression of CSRNP2 was not significantly associated with a favorable OS (Figure 1H).



Combined Prognostic Value of the CSRNP Family Signature

We constructed a CSRNP family signature risk score model as follows: risk score = −0.224 × expmRNA of CSRNP1 + 0.820 × expmRNA of CSRNP2 – 1.428 × expmRNA of CSRNP3, according to the coefficient indexes shown in Table 1. Differences in the expression patterns of CSRNPs were observed between the low- and high-risk (n = 234 each) groups based on the median cutoff value of risk scores. A lower expression of CSRNP1 and CSRNP3 was observed in the high-risk group, whereas there was a higher expression of CSRNP2, compared to those levels observed in the low-risk group (Figures 2A–C). As expected, the low-risk group had a better OS than the high-risk group (Figure 2D; HR: 2.30, 95% CI: 1.63–3.24, P < 0.001). Moreover, the area under the curve (AUC) of a time-dependent ROC increased to 0.69 during the follow-up period (Figure 2E). In addition, we compared the distribution of clinical features between the low- and high-risk groups and found similar age and sex distributions between them. However, more patients in the high-risk group had advanced tumor stages or tumor grades (Table 2).


Table 1 | Cox proportional hazard regression analysis result shows the coefficient of CSRNP family.






Figure 2 | Prognostic values of the CSRNP family signature determined using SurvExpress. (A) Patients were assigned to high- and low-risk groups based on median cutoff risk scores. (B) Heat map of CSRNP family members expression. (C) Comparison of the expression of CSRNP genes between low- and high-risk groups. (D) Survival analysis of low- (green) and high-risk (red) groups. (E) Time-dependent receiver operating characteristics (ROC) curves. (F) Multivariate Cox regression analysis of variables and CSRNP family signature risk scores. *P < 0.05, **P < 0.01, ***P < 0.001.




Table 2 | Summarization of clinical features.



Results from a multivariate Cox regression analysis suggested that the CSRNP family signature was an independent predictor for the prognosis of patients with ccRCC (Figure 2F; HR: 1.550, 95% CI: 1.084–2.220, P = 0.0163).



Functional Enrichment Analysis of CSRNP Impacted Genes

Significant DEGs between normal and ccRCC tumor tissues (| log2FC| > 1 and P < 0.05; Figure 3A) and between high-and low-risk groups were selected (|log2FC| > 1 and P < 0.05; Figure 3B). Then, DEGs that were significantly upregulated in tumor tissues and the high-risk group (481 genes) and those significantly downregulated in tumor tissues and the low-risk group (44 genes) (Figure 3C) were further analyzed using Metascape. The results showed that CSRNPs were associated with different pathways, including the acute inflammatory response, humoral immune response, natural killer cell differentiation involved in immune response, and regulation of immune effector process (Figures 3D, E).




Figure 3 | Functional enrichment analysis of differentially expressed genes (DEGs). (A) Volcano plot of DEGs between patients with and without ccRCC. (B) Volcano plot of DEGs between patients in the high- and low-risk groups. (C) Venn diagram merging DEGs from (A, B). (D, E) Functional enrichment analysis of significantly (D) upregulated genes associated with both tumors and increased risk of tumors, and (E) downregulated genes associated with tumors and decreased risk of tumors.





Correlations Between CSRNPs and Immune Infiltration

The functional enrichment analysis associated the CSRNP family with immune infiltration signaling pathways. To further verify this, we calculated the immune infiltration of 28 immunocytes between tumor and paracancerous tissues, and found that 22 out of the 28 immunocytes were more abundant in tumor than in paracancerous tissues (Figure 4A).




Figure 4 | Correlations between CSRNP family and immune infiltration. (A) Normalized enrichment scores (NES) of 28 immunocytes between normal and tumor tissues. (B, C) Correlations between CSRNP family and significant infiltrated immunocytes in tumor (B) and normal (C) tissues.



We then evaluated the correlation between CSRNPs and the 28 immunocytes in normal kidney and ccRCC samples. The results indicated that the immune infiltration profiles of the CSRNPs differed between normal and ccRCC tissues. Moreover, the CSRNP family was significantly correlated with more immunocytes in tumor than in normal tissues. We found that all three CSRNPs were positively associated with the infiltration of type 2 T helper cells, mast cells, and natural killer cells, and negatively associated with the abundance of CD56bright natural killer cells and activated CD8 T cells (Figure 4B). These results indicated that the CSRNP family might impact the immune environment of ccRCC through the above-mentioned immunocytes. The immune infiltration profile is different in normal kidney tissues. CSRNP1 only positively regulated the infiltration of eight immunocytes and did not negatively regulate any, which was significantly different from its effects in ccRCC tissues. Meanwhile, CSRNP2 and CSRNP3 were both mostly positively associated with effector memory CD4 T cells, but not with type 2 T cells in tumor tissues (Figure 4C).



Genetic Alteration in CSRNPs

Genetic alterations play an important role in the regulation of gene expression. We found that the genetic alterations in CSRNP1, CSRNP2, and CSRNP3 were approximately 11%, 0.2%, and 0.8%, respectively (Figure 5A). We then evaluated the prognostic values of CSRNPs in high- and low- mutant burden patients in all enrolled patients with ccRCC, and found that both CSRNP1 and CSRNP3 act as protective factors in both high- and low-mutant burden patients (Figures 5B, E, D, G). Meanwhile, although we did not find a significant effect of CSRNP2 on ccRCC OS in the entire group, we found that CSRNP2 was a remarkable hazard factor in patients with a high-, but not with a low-mutant burden (Figures 5C, F).




Figure 5 | Genetic alterations and overall survival in patients with high- and low-mutant burden within CSRNP family according to cBioPortal. (A) Genetic alterations of CSRNP genes in patients from TCGA dataset (each rectangle represents one patient; not all patients were shown [n = 532]); (B–G) Overall survival of patients with high- (B–D) and low- (E–G) mutant burden within CSRNP family.





DNA Methylation Sites Within CSRNPs

DNA methylation also plays a pivotal role in the regulation of gene expression and affects clinical outcomes. The DNA methylation sites of the CSRNP genes and the prognostic values of each CpG obtained from TCGA database were analyzed by MethSurv (Figures 6A–C and Table 3). We found that cg19538674 of CSRNP1, cg07772537 of CSRNP2, and cg07811002 of CSRNP3 were the most methylated sites (Figures 6A–C). However, cg03540589 (HR: 2.87, 95% CI: 1.571-5.243, P < 0.001), cg23618218 (HR: 2.037, 95% CI: 1.196-3.469, P = 0.009), and cg07811002 (HR: 0.588, 95% CI: 0.392-0.879, P = 0.010) of CSRNP1, CSRNP2, and CSRNP3, respectively, were the most powerful and DNA methylation locational risk factors. Overall, nine, ten, and two CpGs of CSRNP1, CSRNP2, and CSRNP3, respectively, indicated aberrant prognosis (Figures 6A–C).




Figure 6 | DNA methylation analysis of CSRNP family members using MethSurv. The DNA methylation clustered expression and forest plot of CSRNP1 (A), CSRNP2 (B), and CSRNP3 (C). Red to blue scale indicates high to low expression. Various colorful side boxes were used to characterize the ethnicity, race, age, event, and relation to UCSC_CpG_island and UCSC_refGene_Group.




Table 3 |
The significantly prognostic values of CpG in the CSRNP family.






Discussion

With the rapid development of bioinformatics tools for analyzing multiple databases with many clinical samples, outcomes, and different clinical features, prognoses can be predicted and specific cancers can be detected using biomarker molecules, especially some gene families. This study mainly explored the prognostic value and biology of CSRNP family genes in ccRCC using online bioinformatics tools.

CSRNP1 has been considered as an immediate early gene (20) that binds the specific sequence AGAGTG and contains domains rich in cysteine and serine. The results of single, double, or triple gene knockouts in vivo indicated that the expression of CSRNP1 could be highly induced by IL-2 in mouse T lymphocytes (6). In this study, we found that CSRNP1 expression is positively associated with the infiltration of type 2 T helper cells in both normal and ccRCC tissues, confirming the previous findings. Noteworthy, in Drosophila, upregulated CSRNP1 disturbs cell cycle progression by downregulating Cdk1 activity and promoting apoptosis in a JNK-dependent manner (21). Besides, AXUD1 (CSRNP1) upregulates cytokine-increased MMP1 expression in the articular chondrocytes (22). These findings might facilitate our understanding of the role of CSRNP1 in the progression of various types of cancers. However, whether it affects the prognosis of patients with ccRCC requires further investigation. In this study, we found that CSRNP1 could be an important suppressive prognostic factor. Decreased mRNA expression of CSRNP1 was associated with a poor prognosis in patients with ccRCC; whereas stage-specific expression profiles significantly differed. Moreover, in terms of potential genetic and epidemic alterations, CSRNP1 acts as a protective factor in patients with high- and low-mutant burdens. In addition, nine CpGs of CSRNP1 were correlated with a significantly aberrant prognosis.

CSRNP2 has been positively associated with many aberrant non-cancerous diseases, including obesity and type 2 diabetes mellitus (23). Moreover, Vargas et al. (24) reported that CSRNP2 acts as a potential drug repositioning candidate for the treatment of Alzheimer’s disease. However, the present study found that CSRNP2 did not sufficiently correlated with the OS of patients with ccRCC to serve as an important prognostic factor, according to the GEPIA analysis results. Furthermore, CSRNP2 was a remarkable hazard factor for patients with a high-, but not with a low-, mutant burden. In addition, the DNA methylation sites of CSRNP2 showed significant hazard ratios, suggested that CSRNP2 might be a meaningful target gene for epigenetic therapy.

CSRNP3 was found to encode a transcriptional factor for muscle development in growing pigs (25), and was reported as a target gene to treat obesity and metabolic syndrome in an exome-wide mediated study (26). However, the role of CSRNP3 in cancer development requires further investigation. We found that mRNA expression of CSRNP3, like that of CSRNP1, was lower in ccRCC, and was associated with a poor prognosis. Moreover, CSRNP3 may be a protective factor in patients with high- and low-mutant burdens. In addition, two CpGs of CSRNP3 positively correlated with significantly aberrant prognosis, which might help clarify detailed biological functions.

The prognostic values of CSRNP genes were consistent with the above details. We constructed a novel risk score model based on the expression of the CSRNP family to improve the prediction of OS. We also classified all the samples into high- and low-risk groups according to the median cutoff value of the risk score. The expression profiles of the CSRNP family members were different between these groups, especially those of CSRNP1 and CSRNP3. The low-risk group had a better OS. Importantly, the AUC of the time-dependent ROC curve reached 0.69 over time. Moreover, this signature was an independent predictor of prognosis among patients with ccRCC. Our model exhibited good diagnostic and predictive capacities, but further improvement is needed. The CSRNP family, particularly CSRNP1 and CSRNP3, was validated as a useful prognostic biomarker for patients with ccRCC.

Further investigation on functional enrichment analysis implied that the CSRNP family might function via immune-related biological pathways. We found that immunocyte infiltration was higher in tumor than in paracancerous tissues. The immune infiltration profile of the CSRNP family genes in ccRCC tumor tissues was different from that in normal tissues; natural killer cells and plasmacytoid dendritic cells showed positive correlations. It is known that natural killer cells destroy various cancer cells (27–29), including renal cell carcinoma (30). Plasmacytoid dendritic cell (pDC) infiltration predicts better survival in triple-negative breast cancer (31) and melanoma (32). In addition, effector memory CD4 T cells could be considered as a protective factor in HIV (33) and cytomegalovirus disease (34). Consistently, we found that CSRNP2 and CSRNP3 were both mostly positively associated with effector memory CD4 T cells in normal tissues. Taken together, the CSRNP family might play an important role in ccRCC immune infiltration and impact the immune environment of ccRCC through immunocyte infiltration.

There were some limitations to this study. The most important was that we generated conclusions mostly based on online integrative bioinformatics analysis tools; therefore, data from in vitro or in vivo experiments, and clinical validation are urgently needed. Limitations are also imposed by the retrospective design of the study and the small sample size. Therefore, we plan to cooperate with several urological centers to conduct a prospective study and maximize the sample size. We will also continue to conduct in-depth investigations into the occurrence and development of CSRNP family genes in ccRCC to support our conclusion that the CSRNP family could serve as a useful prognostic biomarker.

In conclusion, we comprehensively explored the prognostic value of the CSRNP family using online integrative bioinformatics analysis tools. The CSRNP family signature may serve as a prognostic biomarker to predict the OS of patients with ccRCC. The risk score model based on the CSRNP showed good diagnostic and independent predictive capacity. The association between the CSRNP family and immune infiltration might offer another clinical treatment option.
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Prostate adenocarcinoma (PRAD) is the most pervasive carcinoma diagnosed in men with over 170,000 new cases every year in the United States and is the second leading cause of death from cancer in men despite its indolent clinical course. Prostate-specific antigen testing, which is the most commonly used non-invasive diagnostic method for PRAD, has improved early detection rates in the past decade, but its effectiveness for monitoring disease progression and predicting prognosis is controversial. To identify novel biomarkers for these purposes, we carried out weighted gene co-expression network analysis of the top 10,000 variant genes in PRAD from The Cancer Genome Atlas in order to identify gene modules associated with clinical outcomes. Methylation and copy number variation analysis were performed to screen aberrantly expressed genes, and the Kaplan–Meier survival and gene set enrichment analyses were conducted to evaluate the prognostic value and potential mechanisms of the identified genes. Cyclin E2 (CCNE2), rhophilin Rho GTPase-binding protein (RHPN1), enhancer of zeste homolog 2 (EZH2), tonsoku-like DNA repair protein (TONSL), epoxide hydrolase 2 (EPHX2), fibromodulin (FMOD), and solute carrier family 7 member (SLC7A4) were identified as potential prognostic indicators and possible therapeutic targets as well. These findings can improve diagnosis and disease monitoring to achieve better clinical outcomes in PRAD.

Keywords: bioinformatics analysis, prostate adenocarcinoma, biomarker, prognosis, therapeutic target


INTRODUCTION

Prostate adenocarcinoma (PRAD) is one of the most common neoplasms worldwide, ranking 4th among all cancer types in both sexes with an incidence of 7.1% (1). In the United States, PRAD is the most prevalent cancer in men and is estimated to have caused more than 30,000 deaths in 2020 (1, 2).

Cancer was previously considered as a genetic disease, but there is considerable evidence that epigenetic changes contribute to tumorigenesis and tumor progression (3–5). DNA methylation is the most widely studied epigenetic modification in both non-neoplastic and neoplastic diseases including PRAD (6). The methylation of CpG islands, which are often located in the gene promoter, results in transcriptional silencing (7). Recently, methylation of enhancer regions has also been shown to play an important role in regulating gene expression (8, 9). DNA methyltransferase 1 (DNMT1), DNMT3a, and DNMT3b are upregulated in PRAD tissue compared to normal benign prostatic hyperplastic tissue, and their expression is elevated in cancerous tissue with a higher Gleason score, suggesting a close association between epigenetic alterations and PRAD development and progression (10). Additionally, epigenetic marks are potential biomarkers for PRAD (11) and targets for next-generation drugs.

Copy number variations (CNVs) are the most common genetic alteration in cancers, and CNV burden is associated with the rates of recurrence and death in multiple neoplasms (12). E26 transformation-specific (ETS) genes, tumor protein 53 (TP53), phosphatase and tensin homolog (PTEN), and androgen receptor (AR) are the most frequently altered genes in primary prostate cancer, which leads to dysregulation of phosphoinositide 3-kinase (PI3K)/protein kinase B (AKT), RAS/RAF, and cell cycle signaling pathways; moreover, alterations in AR and TP53 have been linked to castration resistance (13, 14) and worse outcomes (15). Thus, CNVs have prognostic value in PRAD as they can reflect disease progression.

The development and progression of cancers involve gene–gene interactions within a gene co-expression network. In this study, we carried out weighted gene co-expression network analysis (WGCNA) (16) to identify genes associated with clinical outcomes in PRAD and can thus serve as biomarkers. We also investigated CNV and methylation status of genes in key module of the network and assessed their prognostic value for PRAD.



MATERIALS AND METHODS


Data Acquisition

The expression data matrix of The Cancer Genome Atlas (TCGA) PRAD database comprising 497 tumor and 52 normal tissue samples along with CNVs, DNA methylation, and clinical information was downloaded from the University of California at Santa Cruz (UCSC) Xena web server (https://xenabrowser.net/).



Identification of Co-expression Module

Unlike ordinary clustering analysis, clustering criteria of WGCNA have biological significance, so the results obtained by this method have higher credibility. WGCNA clusters genes with similar expression patterns into a module and allows analysis of correlations between module and sample features. In this study, WGCNA was carried out to identify gene module closely related to clinical outcomes in PRAD. To minimize computational burden, the top 10,000 genes with the largest variance were selected. The topological overlap matrix (TOM) was performed to measure the correlation between genes and detection of module, which was able to identify not only the similarity of expression between gene A and gene C, but also the effect of gene A on gene C via gene B. A height of 220 in the sample cluster was used to detect outliers, with two outliers as filters. A power β of 8, minimal module size of 30, and branch merge cutoff height of 0.25 were used as the criteria for module construction.



Copy Number Variation Analysis

The TCGA PRAD CNV profiles were originally measured using whole genome microarray at a TCGA genome characterization center, and GISTIC2 method was then conducted to acquire the estimated values to −2, −1, 0, 1, 2, respectively, representing homozygous deletion, single copy deletion, diploid normal copy, low-level copy number amplification, and high-level copy number amplification (17). The processed data was obtained from https://xenabrowser.net/. In addition, GISTIC2 was conducted to assess the possibility of CNV events in specific chromosomal regions. Genes with changes in frequency >10% were selected for further analysis. We calculated the Spearman correlation coefficient (r) between CNVs and gene expression levels, with r > 0.4 as the cutoff value, indicating the significant impact on gene expression of CNV.



Methylation Analysis

The DNA methylation profiles of PRAD from TCGA were available at the University of California, Santa Cruz (UCSC) Xena browser (https://xenabrowser.net/), which were measured experimentally based on the Illumina Infinium HumanMethylation450 platform (Illumina, San Diego, CA, USA). DNA methylation values (β values, between 0 and 1) were recorded for every array probe in each sample by virtue of BeadStudio software (Illumina, San Diego, CA, USA), representing the ratio of the intensity of the methylated bead type to the combined locus intensity. The level of methylation evaluated by β values were derived from the Johns Hopkins University and University of Southern California TCGA genome characterization center.



Gene Set Enrichment Analysis and Protein–Protein Interaction Network Analysis

Gene Set Enrichment Analysis (GSEA) (18) is a computational method used to determine whether a predefined set of genes can show significant differences between two biological statuses, which were performed by the GSEA software obtained from http://www.broad.mit.edu/gsea to assess the enrichment of identified genes with distinct CNVs and methylation levels in PRAD, with false discovery rate (FDR) <25% and nominal p < 0.05 as the cutoff values. Protein–protein interaction (PPI) network analysis of identified genes was completed by an online tool available at https://string-db.org/ to assess possible interactions between their expression products.



Survival and Statistical Analyses

The Kaplan–Meier survival analysis was performed with Prism 7.0 (GraphPad, La Jolla, CA, USA) and the online tool GEPIA (http://gepia.cancer-pku.cn/index.html) (19). Previous study by Li et al. has established a prognostic model and verified with independent datasets after establishing a prognostic model (20); therefore, we downloaded the independent dataset GSE70769 (21) through the National Center for Biotechnology Information Search database (https://www.ncbi.nlm.nih.gov/) and analyzed the impact of the identified genes on the prognosis of prostate cancer patients. Multivariate analyses were carried out with the cox proportional hazards regression model. All data processing was performed using SPSS v22.0 software (SPSS Inc, Chicago, IL, USA) or R software (x64 3.5.1) (22).

The research process is illustrated in Figure 1.


[image: Figure 1]
FIGURE 1. Schematic diagram of the study. After identifying clinically relevant modules with WGCNA, the pink module (M7) was selected for further investigation including differentially methylated genes and frequency of CNVs, afterwards, the Kaplan–Meier survival analysis, and GSEA were used to obtain results and conclusions. WGCNA, weighted gene co-expression network analysis; DFS, disease-free survival; CNV, copy number variation; GSEA, Gene Set Enrichment Analysis.





RESULTS


Identification of Co-expression Module in PRAD

The top 10,000 genes with the largest variations in expression level relative to normal tissue were selected for WGCNA. We generated a module–trait association network with 7 clinicopathologic traits and 17 modules and calculated the Pearson's correlation coefficients and p-values to evaluate the relationship between clinical traits and feature vectors of genes in the module. The module with highest correlation coefficient and module size >30 (pink module, M7, p < 0.01) was selected for further analysis (Figure 2).


[image: Figure 2]
FIGURE 2. Module–trait relationships. Each column corresponds to one trait, row to one module and every cell contains the correlation coefficient and p-value. The gray module represents genes not classified into any module. BR, biochemical recurrence. GS, Gleason score. pN, pathological N stage. pT, pathological T stage.




Copy Number Variation Analysis

After analyzing CNV profiles of TCGA PRAD data and combining the results with pink module (M7) from the WGCNA, we selected 111 genes with a variation frequency >10% and constructed a heatmap of the CN of genes in the PRAD samples (Figure 3), which allowed us to identify those with abnormal CN. Because our aim was to identify prognostic biomarkers for PRAD, we examined the pathologic stage associated with the CN variants. The 14 genes with the highest CNV and the corresponding clinicopathologic stage are shown in Table 1. Of these, nine genes with a Spearman correlation coefficient >0.4 were selected to evaluate the association between gene CN and expression level. Positive correlations were observed for the cyclin E2 (CCNE2), DNA replication and sister chromatid cohesion 1 (DSCC1), rhophilin Rho GTPase-binding protein (RHPN1), enhancer of zeste homolog 2 (EZH2), RAD54B, TBC1 domain family member 31 (TBC1D31), and tonsoku-like DNA repair protein (TONSL) genes (p < 0.0001), indicating the amplifications of CN events probably correlated with higher gene expression level. However, epoxide hydrolase 2 (EPHX2) and CBFA2/RUNX1 partner transcriptional co-repressor 3 (CBFA2T3) primarily showed deletions of CN events, which leading to the lower level of gene expression (Figure 4). To macro-evaluate the possibility of CNV events in specific chromosomal regions, the deletion and amplification plots based on G scores for CNV were demonstrated in Supplementary Figure 2. The higher G score of a region represents for the greater probability of CNV events in that region.


[image: Figure 3]
FIGURE 3. The level of gene copy number in PRAD samples. The estimated values –2, –1, 0, 1, 2, respectively representing homozygous deletion, single copy deletion, diploid normal copy, low-level copy number amplification, and high-level copy number amplification. The horizontal axis represents PRAD tumor samples in TCGA, whereas the vertical axis represents genes from M7 module with CNV > 10%.



Table 1. Gene copy number variation associated with PRAD clinicopathological staging.

[image: Table 1]


[image: Figure 4]
FIGURE 4. The relevancy of copy number and expression level of nine genes with the Spearman correlation coefficient >0.4. (A–G) were mainly manifested as an increase in copy number (amplification) and positively correlated with the level of expression. (H,I) were mainly manifested as a loss of copy number (deletion) (A) CCNE2, (B) DSCC1, (C) RHPN1, (D) EZH2, (E) TONSL, (F) RAD54B, (G) TBC1D31, (H) EPHX2, and (I) CBFA2T3. TPM, transcripts per million.




The Kaplan–Meier Survival Analysis

We performed the Kaplan–Meier analysis to evaluate the relationship between CNV and disease-free survival (DFS). The survival curve indicated that CNV level was significantly associated with the prognosis of patients with PRAD, with lower CNV predicting longer DFS (p = 0.0001; Figure 5). We analyzed the relationship between CNV of the nine above-mentioned genes and patient prognosis and found that lower CNs of CCNE2 [hazard ratio (HR) = 1.6; p < 0.05], RHPN1 (HR = 2; p < 0.05), EZH2 (HR = 2.2; p < 0.001), and TONSL (HR = 1.7; p < 0.05) were associated with better prognosis, whereas the opposite was true for EPHX2 (HR = 0.47; p < 0.001) (Figure 6). A multivariate analysis of CBFA2T3 CN suggested that it may be a protective factor in PRAD, whereas the Kaplan–Meier survival analysis suggested it was not statistically significant in the prognosis of patients with PRAD (Figure 6I and Table 2). The validation of identified biomarkers for prognosis value revealed the similar results as our former analysis, indicating the explicit prognostic significance of CCNE2, SLC7A4, EZH2, etc. (Supplementary Figures 1B–H).


[image: Figure 5]
FIGURE 5. The Kaplan–Meier survival analysis of nine genes. p < 0.05 was considered statistically different. DFS, disease-free survival; CNV, copy number variation.



[image: Figure 6]
FIGURE 6. The Kaplan–Meier analysis of nine genes. (A) CCNE2, (B) RHPN1, (C) EZH2, (D) TONSL, (E) EPHX2, (F) DSCC1, (G) TBC1D31, (H) RAD54B, and (I) CBFA2T3. p < 0.05 was considered statistically different. DFS, disease-free survival.



Table 2. Multivariate analysis of CBFA2T3 CNV and patient survival.

[image: Table 2]



Gene Set Enrichment Analysis and PPI Network Analysis

To identify enriched gene sets in PRAD samples with high CNV and clarify the mechanisms of CNV in tumorigenesis, we performed GSEA to identify relevant biological pathways in the Kyoto Encyclopedia of Genes and Genomes (KEGG) database and Pathway Interaction Database (PID) using FDR <25% and p < 0.05 as the criteria for significance. For EZH2, TONSL, and CCNE2, the GSEA curves revealed four enriched gene sets including “KEGG–cell cycle,” “KEGG–P53 signaling pathway,” “PID–ataxia–telangiectasia mutated (ATM) pathway,” and “PID–E2F pathway,” which are mainly related to cell cycle regulation, cell apoptosis, and DNA damage repair. Additionally, for EPHX2, two functional gene sets were enriched—namely, “Cell cycle pathway” and “PID–E2F pathway” (Figure 7). The PPI network analysis found that there was a co-expression between EZH2 and CCNE2, both of which play important roles in regulating cell cycle (Supplementary Figure 1A).


[image: Figure 7]
FIGURE 7. Gene Set Enrichment Analysis (GSEA) curve. (A) E2H2, (B) TONEL, (C) CCNE2, and (D) EPHX-2. KEGG, Kyoto Encyclopedia of Genes and Genomes. ATM, ataxia telangiectasia-mutated.




Methylation Analysis

After establishing the co-expression module, the DNA methylation level of the genes was examined, and its correlation with gene expression level was evaluated with the Pearson's correlation coefficient. Differentially methylated genes with the Pearson's correlation coefficient >0.4 were identified, including fibromodulin (FMOD), transmembrane protein 220 (TMEM220), histone H2B type 1-H (HIST1H2BH), zinc finger 334 (ZNF334), RIC3 acetylcholine receptor chaperone (RIC3), and solute carrier family 7 member (SLC7A4); these genes were all hypermethylated in tumor samples (n = 336) compared to normal tissue (n = 49) (Figures 8A, 9A). There was a moderate inverse correlation between gene expression and methylation levels (r > 0.4, p < 0.001; Figure 8B).


[image: Figure 8]
FIGURE 8. Methylation levels of specific genes. (A) The methylation levels in normal and tumor groups, (B) the relationship between expression level and methylation level. The vertical axis of (A) and the horizontal axis of (B) indicate the DNA methylation level (β-value). And r represents the Pearson's correlation coefficient, the absolute value closer to 1 means the stronger the correlation. fpkm, fragments per kilobase million.



[image: Figure 9]
FIGURE 9. Analysis of genes with high methylation level. (A) The differential expression of genes in tumor and normal samples. The Kaplan–Meier survival analysis curves in (B–G) demonstrated the relationship between DFS and expression level. (H–K) The GSEA curves of FMOD and SLC7A4. DFS, disease-free survival; GSEA, Gene Set Enrichment Analysis; HR, hazard ratio; TPM, transcripts per million.


The heatmap of DNA methylation revealed significantly higher levels in tumor tissue compared to normal tissue, especially for SLC7A4. The Kaplan–Meier survival curves showed an association between gene expression level and the prognosis of PRAD for FMOD [HR (high) = 0.37; p < 0.001] and SLC7A4 [HR (high) = 0.44; p < 0.001], with a higher level corresponding to better prognosis (Figures 9B,E), while others were not statistically significant (Figures 9C,D,F,G). The GSEA curves revealed four gene sets that were enriched, including “KEGG–cell cycle,” “PID–E2F pathway,” “Hallmark–E2F target,” and “Hallmark–G2M checkpoint” (Figures 9H–K). These results indicate that FMOD and SLC7A4 are significant genes related to the clinical outcome of PRAD.




DISCUSSION

The number of new cases of PRAD in the United States has shown an increasing trend in the last 3 years, and PRAD is the second leading cause of death in men despite improvements in diagnostic methods and treatments (2, 23). Although magnetic resonance imaging and some biomarkers are used for the diagnosis of PRAD, the standard approach is tissue biopsy (24), which may only be performed at later stages of the disease when therapeutic options are limited.

Copy number variations occur in 4.8–9.5% of the human genome and play a critical role in tumor recurrence (25); and epigenetic modifications such as DNA methylation are potential biomarkers and targets for treatment in cancer (11). Given the increasing rates of PRAD, there is a need for new diagnostic and prognostic biomarkers with high specificity and sensitivity. In this study, we identified five novel genes with high CNV in PRAD by WGCNA (CCNE2, RHPN1, EZH2, TONSL, and EPHX2) along with two hypermethylated genes (FMOD and SLC7A4) that were significantly correlated with the prognosis of patients with PRAD and may thus be clinically useful biomarkers.

Cyclin E2 encodes cyclin E2, a regulatory subunit of cyclin-dependent kinase 2 (CDK2), which controls cell cycle entry from quiescence. Although the gene encoding the other subunit of CDK2, CCNE1, has been linked to poor prognosis in hepatocellular carcinoma (HCC), there is little known about the role of CCNE2 in tumor progression (26). Cyclin E2 was shown to induce the G1-S transition in PC3 prostate cancer cells (27); our results suggest that it may have a similar function in PRAD, given that a lower CCNE2 CN was associated with longer DFS in patients.

Rhophilin Rho GTPase-binding protein is a Rho GTPase-interacting protein that has not been previously reported in PRAD, but is known to modulate the glomerular filtration barrier and podocyte cytoskeletal architecture (28). The long non-coding RNA RHPN1 antisense RNA 1 (RHPN1-AS1) was found to promote the progression of several tumors, including uveal melanoma, cervical cancer, and HCC (29–31). Our results provide the first demonstration that overexpression of RHPN1 is associated with poor prognosis in PRAD.

Enhancer of zeste homolog 2, the catalytic subunit of the DNA methyltransferase polycomb repressive complex 2 (PRC2), is overexpressed in hormone-refractory metastatic PRAD and may be correlated with disease progression and prognosis (32). Consistent with our findings, one study showed that an elevated level of EZH2 was associated with over proliferation of tumor cells and worse prognosis and may have clinical utility for distinguishing indolent PRAD from aggressive disease with a fatal course (31). On the one hand, the utility of EZH2 as a biomarker has been demonstrated in patients with intractable PRAD (33). On the other hand, EZH2 inhibitors have been linked to carcinogenesis and treatment resistance in clinical trials (34), though the detailed mechanisms underlying these effects remain to be determined.

Tonsoku-like DNA repair protein promotes homologous recombination during DNA repair in a complex with MMS22-like (MMS22L) (35). However, the role of TONSL in prostate cancer is unknown. We found that a high level of TONSL was associated with enrichment of genes related to the ATM and E2F pathways—which mediate DNA repair and negatively regulate the cell cycle—and decreased survival time in patients with PRAD. Thus, TONSL is a potential biomarker for the progression of PRAD.

Epoxide hydrolase 2 functions in arachidonic acid and androgen signaling (36–38) and has been linked to the biosynthesis and metabolism of cholesterol in the regulation of testosterone levels (39). EPHX2 silencing induced apoptosis in PRAD cells and enhanced the antiproliferative effect of flutamide (40). In our study, decreased expression of EPHX2 was associated with the enrichment of genes related to the cell cycle and E2F pathway while patients with an elevated level of EPHX2 had better prognosis, suggesting that EPHX2 has a protective role in PRAD.

Fibromodulin (encoded by FMOD) is thought to be involved in the inhibition of tumorigenesis and apoptosis in hematologic malignancies such as B-cell chronic lymphocytic leukemia and mantle cell lymphoma, like other proteoglycans (40). FMOD was shown to be overexpressed in PRAD cell lines and clinical specimens (41), which is supported by our findings. Our analysis revealed that higher expression of FMOD was associated with a better clinical outcome, highlighting its potential utility as a biomarker for monitoring disease progression.

Solute carrier family 7 member is a cationic amino acid transporter of unknown function; SLC7A4 expressed in the plasma membrane was insufficient to drive amino acid transport (42). Our results showed that SLC7A4 methylation was higher in tumor specimens than in normal tissue, and that higher SLC7A4 expression was associated with better clinical outcome. We speculate that SLC7A4 inhibits tumor formation in PRAD through regulation of the cell cycle. Thus, SLC7A4 likely has clinical value for monitoring PRAD progression and predicting prognosis.



CONCLUSION

In this study, we used WGCNA to identify seven genes that are potential prognostic biomarkers for PRAD based on CNV (CCNE2, RHPN1, EZH2, TONSL, and EPHX2) and DNA hypermethylation (FMOD and SLC7A4), all of which can serve as indicators of PRAD progression and potential therapeutic targets for the PRAD treatment as well. However, further experiments are needed to elucidate the precise roles and mechanisms of these candidate biomarkers in PRAD and validate their clinical applicability.
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Supplementary Figure 1. Protein–protein interaction (PPI) and validation of prognosis for identified biomarkers. (A) A co-expression between enhancer of zeste homolog 2 (EZH2) and Cyclin E2 (CCNE2), both of which play important roles in regulating cell cycle. (B–H) The prognostic value of identified genes in independent dataset GSE70769.

Supplementary Figure 2. The copy number variation (CNV) events in specific chromosomal regions. The higher G score represents for the greater probability of CNV events in that region. The previously identified genes were marked in the figure (EZH2: 7q36.1; CCNE2: 8q22.1; RHPN1: 8q24.3; TONSL: 8q24.3; EPHX2: 8p21.2-p21.1).
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Clear cell renal cell carcinoma (ccRCC) is the most common type of kidney tumor worldwide. Analysis of The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases showed that the immune-related gene (IRG) hematopoietic cell signal transducer (HCST) could provide guidance for the diagnosis, prognosis, and treatment of ccRCC. The RNA-seq data of ccRCC tissues were extracted from two databases: TCGA (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) and GEO (https://www.ncbi.nlm.nih.gov/geo/). Corresponding clinical information was downloaded from TCGA. Immune-related gene data were extracted from the IMMPORT website (https://www.immport.org/). Differential analysis with R software (https://www.r-project.org/) was used to obtain a prognosis model of ccRCC IRGs. The differences were combined with the clinical data to assess the usefulness of the HCST as a prognostic biomarker. Based on data obtained from the Oncomine (https://www.oncomine.org/), Human Protein Atlas (https://www.proteinatlas.org/), and PubMed (https://pubmed.ncbi.nlm.nih.gov/) databases, the expression levels of the HCST in ccRCC, clinical-pathological indicators of relevance, and influence on prognosis were analyzed. Regulation of the HCST gene in ccRCC was assessed by gene set enrichment analysis (GSEA). In TCGA/GEO databases, the high HCST expression in tumor tissues was significantly correlated to the TMN stage, tumor grade, invasion depth, and lymphatic metastasis (p < 0.05). The overall survival (OS) of patients with high HCST gene expression was significantly lower than that of patients with low HCST gene expression (p < 0.001). Multivariate Cox regression analysis suggested that the HCST expression level [hazard ratio (HR) = 1.630, 95% confidence interval (CI) = 1.042–2.552], tumor cell grade (HR = 1.829, 95% CI = 1.115–3.001), and distant metastasis (HR = 2.634, 95%, CI = 1.562–4.442) were independent risk factors affecting the OS of ccRCC patients (all, p < 0.05). The GSEA study showed that there was significant enrichment in cell adhesion, tumorigenesis, and immune and inflammatory responses in HCST high expression samples. Hematopoietic cell signal transducer expression was closely associated with the levels of infiltrating immune cells around ccRCC tissues, especially dendritic cells (DCs). In conclusion, the present study suggested that the HCST was interrelated to the clinicopathology and poor prognosis of ccRCC. High HCST expression was also closely correlated with the levels of tumor-infiltrating immune cells, especially DCs.
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INTRODUCTION

Renal carcinoma is one of the most common malignant tumors of the urinary system and accounts for 3% of all adult cancers. Clear cell renal cell carcinoma (ccRCC) is the most common pathological type of renal carcinoma, accounting for 70–85% of all cases (1). However, non-surgical treatments for ccRCC, such as chemotherapy and radiotherapy, are limited due to uncertain efficacy, heavy patient burden, frequent side effects, and poor prognosis. More effective treatments with fewer side effects have been actively sought (2). Indeed, target therapy and immunotherapy have recently become as first-line therapies for ccRCC (3, 4).

Since the last century, bacillus Calmette–Guerin vaccine, interferon-alpha, and interleukin-2 (IL-2) have been used for immunotherapy of cancer. The application of IL-2 in tumor therapy has confirmed the effectiveness of adaptive immunity for cancer control and revealed T-cell regulation as a new strategy for immunotherapy. In fact, chimeric antigen receptor-modified T cells and immune modulation using antibodies to block immune regulatory checkpoints were named as the “breakthrough of the year” by Science in 2013 (5). Currently, with an unprecedented sustained and stable antitumor response, immunotherapy cytotoxic T lymphocyte-associated antigen 4 (CTLA4) or programmed cell death protein 1 (PD-1)/PD-1 ligand 1 (PD-L1) has demonstrated remarkable efficacy against various types of cancer (6).

Previous studies have reported that ccRCC is prone to immune cell infiltration and, thus, is highly responsive to immunotherapies that inhibit the interactions between immune cells and tumor cells by targeting CTLA4, PD-1, and PD-L1 (2). The blood, immune cells, and stromal cells surrounding cancer tissue form an immune microenvironment containing receptor factors involved in immunosuppression tolerance (7). Other studies have found that some indicators in the ccRCC microenvironment, such as CD8+T-cell density and PD-1/PD-L1 expression in the tumor and invasive margin (8), can be used as indicators to evaluate the clinical effectiveness of PD-1 inhibitors (9, 10). Hence, the identification of molecules as biomarkers that regulate the immune microenvironment is crucial to improving immunotherapy against ccRCC (11–13).

In the present study, analysis of public datasets identified 2,498 immune-related genes (IRGs) in ccRCC. Of these, hematopoietic cell signal transducer (HCST) was selected as the target gene. The HCST encodes a transmembrane signaling adaptor that forms part of the immune recognition receptor complex with the C-type lectin-like receptor NKG2D (14), which may have a role in cell survival and proliferation by activating dendritic cells (DCs), natural killer (NK) cells, and T cells (15). Thus, HCST may be a useful target for immunotherapy against ccRCC. Unfortunately, the HCST has not been studied in the field of kidney cancer.

Due to the limited understanding of the clinical significance and unique role of the HCST in ccRCC, the potential clinical value of the HCST was determined by assessment of relevant clinical data of factors and poor prognosis of ccRCC patients. Gene set enrichment analysis (GSEA) of the association between the HCST and immune cells indicated the potential role and prognostic value of the HCST in tumor immunology.



MATERIALS AND METHODS


Human Tissue Acquisition

Human ccRCC tissues were obtained from seven male and three female patients who underwent partial nephrectomy at Zhong Nan Hospital. All samples included tumor infiltrating tissues of renal parenchyma and adjacent para-cancerous tissues, which were identified by two separate pathologists. All human samples were obtained after the approval of the Hospital Committee for Investigation in Humans and after receiving written informed consent from all patients or their relatives. All human studies were conducted in accordance with the principles of the Declaration of Helsinki.



Data Sources

A total of 2,498 IRGs were collected from the Tumor Immune Estimation Resource (TIMER) database (https://cistrome.shinyapps.io/timer/) in May 2020 (16). The mRNA expression profiles of 539 ccRCC samples and 72 para-cancer tissue samples, as well as relevant clinical data, were downloaded from The Cancer Genome Atlas (TCGA) database (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) (17), of which 537 patients had matching mRNA expression profiles and survival data. In addition, two ccRCC-associated datasets (GSE53757 and GSE66272) were downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) (18). In this study, the publication guidelines of TCGA and GEO were strictly followed.



Differential Analysis of Immune-Related Genes

The “affy” and “limma” packages in R software (https://www.r-project.org/) were used to differentiate the specimens from the GSE53757 and GES66272 datasets, which included 72 and 27 pairs of ccRCC and normal kidney specimens, respectively. Differentially expressed Immune-Related Genes (DEIRGs) were screened using t-test in accordance with the following cut-off values: false discovery rate (FDR) <0.05 and |log2 fold change| > 1.



Selection of Prognostic Differentially Expressed Immune-Related Genes

Univariate (“futime” and “fustat”) Cox regression analysis (19) identified 86 DEIRGs closely correlated with the overall survival (OS) of ccRCC patients (p < 0.05).



Transcription Factor Regulatory Network

Cancer associated transcription factors (TFs) were downloaded from the Cistrome Project (http://cistrome.org/), which is a comprehensive resource for predicted transcription factor targets and enhancer profiles in cancers. The correlations between TFs and the expression patterns of PDEIRGs were analyzed in order to identify the mechanism(s) underlying the dysregulation of PDEIRG expression in ccRCC. A TF regulatory network was generated using the Cytoscape_3.7.1 software (https://cytoscape.org/).



Identification of Genes for Inclusion in a Prognostic Model

Based on the influence on the OS of ccRCC patients, the DEIRGs were screened using the Cox regression hazards model.



Selection of the HCST Gene

Based on the data obtained from the Oncomine (https://www.oncomine.org/), Human Protein Atlas (https://www.proteinatlas.org/), and PubMed (https://pubmed.ncbi.nlm.nih.gov/) databases, the HCST gene was considered as a novel biomarker of ccRCC.



RNA Extraction, Reverse Transcription, and Real-Time Quantitative PCR

The expression patterns of the HCST gene were assessed in matched ccRCC and para-cancerous tissues. Total RNA from tissues was isolated using the HiPurA™ Total RNA Miniprep Purification Kit (catalog no. R4111-03; Angen Biotech Co., Ltd., Guangzhou, China) in accordance with the manufacturer's instructions. The quantity of the isolated RNA was measured with a NanoDrop ND-1000 UV-Vis spectrophotometer (NanoDrop Technologies, LLC, Wilmington, DE, USA). Complementary DNA (cDNA) was synthesized from 1 μg of total RNA with the ABScript II RT Master Mix for qPCR (catalog no. RK20402; ABclonal Technology, Woburn, MA, USA). Each qPCR reaction consisted of 10 μl of 2× Universal SYBR Green Fast qPCR Mix (catalog no. RK21203; ABclonal Technology), 7 μl of ddH2O, 1 μl of cDNA, 1 μl of the forward primer, and 1 μl of the reverse primer. Values were normalized to that of the glyceraldehyde 3-phosphate dehydrogenase gene. A gene-specific primer pair (forward: AGG CTC TTG TTC CGG ATG TG and reverse: TAG ACT TTG CCA TCT TGG GCG) was used for amplification of the HCST gene.



Survival Analysis

Based on the median expression value, 537 ccRCC patients were allocated to the HCST high expression group or low expression group. The R software “survival” package, Kaplan–Meier method, and log-rank test were used to evaluate the effect of the HCST on the OS of ccRCC patients. In addition, the probability (p) values and 95% confidence intervals (CIs) were calculated, and a survival curve was plotted (20, 21).



Correlation Analysis of the HCST Expression Patterns and Clinicopathological Features

Clinicopathological data [i.e., age, sex, grade, TNM stage, infiltration depth (T), distant metastasis (M), and lymph node metastasis (N)] of the ccRCC tissue specimens from the TCGA database were selected for further analysis. After exclusion of incomplete or defective clinical data, data from 226 patients were included for analysis. Independent sample t-test and paired t-test were used to identify correlations between HCST expression levels and clinical-pathological parameters.



Statistical Analysis of Potential Prognostic Factors

Potential prognostic factors were identified using the R version 4.0.2 software (“survival” and “survminer” packages). Univariate Cox regression analysis was performed to identify several prognostic factors followed by multivariate Cox regression analysis to identify independent prognostic factors.



Protein Interaction Network Analysis

The STRING database (https://string-db.org/) (22) was used to explore the known and predicted correlations between protein interactions and HCST expression patterns, and to screen proteins that interact with the HCST.



GSEA

The GSEA software (23) was used to divide the high and low expression groups based on the median expression value of the HCST and to detect the highest ranking gene enrichment pathways in the two groups (Molecular Signatures Database c2. Cp. Kegg. V7.2. Symbols). The Gene Matrix Transposed function dataset was used as a reference gene set for all analyses. The number of genes was set to 1,000 for the calculation of the enrichment coefficient (enrichment score) and normalized enrichment score (NES). FDR < 0.05 was considered indicative of significant enrichment.



Correlation Analysis of HCST and Immune Cell Infiltration

The “cibersort” package (R version 4.0.2 software) was used to analyze the proportions of 22 immune cell types (LM22 gene signature) in CCRCC tissues. Then, the relationships between HCST expression levels and proportions of various immune cells were further quantified. Finally, the “ggplot2” and “limma” packages (R version 4.0.2 software) were used for analysis and plotting of the data. Meanwhile, the TIMER database was referenced for analysis of the tumor-infiltrating immune cells (i.e., CD8+ T cells, CD4+ T cells, B cells, macrophages, neutrophils, and DCs).



Correlation Analysis of HCST and Immune-Related Genes PD-1

The expression of PD-1 is widely recognized as the most powerful predictive biomarker for anti-PD-1 therapy. The currently studied CD28 can be used as a biomarker for PD-1 expression (24). The correlations between the HCST and CD28, CD80, and CD86 were analyzed in the TIMER database to illustrate the role of the HCST as a biomarker of immunotherapy response. A correlation coefficient over 0.3 was considered statistically significant.



Statistical Analysis

Statistical analyses were conducted using IBM SPSS Statistics for Windows, version 20.0 (IBM Corporation, Armonk, NY, USA) and R version 4.0.2. The gene expression data are presented as mean ± standard deviation. t-test was used to identify differences in HCST expression levels between the ccRCC and para-carcinoma tissues from the TCGA and GEO databases. Wilcoxon signed-rank test was used to analyze the interrelation between the HCST and clinical characteristic variables. Univariate and multivariate Cox analyses were used to calculate the hazard ratio and 95% CI. A p-value < 0.05 was considered statistically significant. FDR < 0.05 and p < 0.01 were considered indicative of significant enrichment.




RESULTS

The process of screening target genes is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Procedure for the selection of diagnosis and prognosis biomarkers for ccRCC.



Expression Patterns of IRGs in ccRCC From Public Databases

The mRNA levels of 2,498 IRGs in 539 ccRCC samples and 72 normal renal tissue samples (TCGA) were analyzed. The same approach was applied to the GSE53757 and GES66272 datasets from the GEO database. Then, the data retrieved from two database were intersected. In total, 670 DEIRGs (554 upregulated and 116 downregulated) with an FDR < 0.05 and |log2 fold change| > 1 were identified.



Identification of PDEIRGs

Univariate Cox regression analysis identified 86 PDEIRGs significantly associated with the OS and disease-free survival (DFS) of ccRCC patients (all p < 0.05).



TF Regulatory Network

In total, 318 TFs were downloaded from the Cistrome database (http://www.cistrome.com/). Sixty TFs were significantly different at the mRNA expression levels between the ccRCC (n = 539) and normal renal tissue (n = 72) samples (r > 0.4 and p < 0.05) (Figures 2A,B). Of those 60 TFs, 28 (46.7%) turned out to be closely related to abnormal expression of PDEIRGs by using a correlation coefficient > 0.4 and a p-value < 0.05 as the cut-off values. Based on these data, a TF regulatory network was generated using the Cytoscape 3.7.1 software (Figure 2C).


[image: Figure 2]
FIGURE 2. TF-based regulatory network. Construction of a TF-based regulatory network. (A) A heatmap of TFs differentially expressed in the tissue samples. (B) A volcano plot of differentially expressed TFs. (C) A regulatory network constructed from potentially relevant TFs (red), low-risk IRGs (red), and high-risk IRGs (black). IRGs, immune-related genes; TFs, transcription factors.




Establishment and Validation of an IRG-Based Prognostic Model

In order to select the best gene model, multivariate Cox analysis was used to reduce the influence of genes on each other, and the genes with the best correlation with prognosis were selected and the risk score was calculated with the formula “Risk score (patient) [image: image]”. In this formula, “coefficient (gene)” is the estimated regression coefficient of gene from the Cox proportional hazards regression analysis. As is shown in Supplementary Table 1, a regression risk model identified 13 PDEIRGs. To verify the accuracy and significance of the model, an OS survival curve (Figure 3A), a receiver-operating characteristic curve (Figure 3B), and a risk curve of the IRG-based prognosis model (Figure 3C) were generated. A search of the PubMed database (performed on 2 May, 2020) revealed 11 genes associated with ccRCC in the model, which did not include the HCST and FCGR2. According to the Beroukhim dataset derived from the Oncomine database, the fold change of these two genes was >2. But only HCST overexpression was ranked in the top 5% (Figure 4A). Analysis of 36 histological section images of ccRCC and normal kidney tissues from the HPA database showed that HCST protein expression was significantly increased in ccRCC tissues (Figure 4B). Therefore, the HCST was chosen for further analysis.


[image: Figure 3]
FIGURE 3. Construction of the immune-system-based risk signature by means of the training set. (A) Patients in the high-risk group had shorter OS. (B) A receiver-operating characteristic curve illustrating the prognostic value of the risk signature. (C) Ranking of the risk signature and distribution of the risk groups, survival status of the patients in the low-risk and high-risk groups, and a heatmap of expression profiles of the included genes.



[image: Figure 4]
FIGURE 4. HCST protein expression was significantly higher in ccRCC tissues than normal tissues. Representative IHC images of HCST (A) in normal (left) and ccRCC (right) tissues. Images were downloaded from the HPA database. Statistical analyses of the protein expression levels of the HCST according to the information of normal and ccRCC tissues (B) from Oncomine.




Experimental Validation

qRT-PCR analysis showed that HCST mRNA levels were significantly higher in ccRCC tissues than those in normal renal tissues (Figure 5A). Consistently, the HCST was observed upregulated with the R version 4.0.2 software analysis of TCGA data (Figures 5B,C), of which HCST mRNA levels of cancer and para-cancerous tissue are from the same ccRCC patients (Figure 5C). Matching TCGA and GTEx data, the Gene Expression Profiling Interactive Analysis (GEPIA2) (http://gepia.cancer-pku.cn/) found similarly elevated HCST expression (Figure 5D).


[image: Figure 5]
FIGURE 5. Experimental validation. (A) Detection of HCST mRNA expression levels in 10 cases of renal carcinoma and para-cancer tissue by qRT-PCR. The glyceraldehyde 3-phosphate dehydrogenase gene was used as an internal control. HCST expression in cancer cells is clearly higher than normal kidney cells. (B) Statistical analyses of the mRNA expression levels of the HCST according to the information of normal and ccRCC tissues from R version 4.0.2 software matching TCGA data. (C) Statistical analyses of the mRNA expression levels of the HCST according to cancer and para-cancerous tissue from the same ccRCC patient from R version 4.0.2 software matching TCGA data. (D) Statistical analyses of the mRNA expression levels of the HCST according to the information of normal and ccRCC tissues from GEPIA 2 matching TCGA and GTEx data. *p < 0.05.




Relationship Between HCST Gene Expression Levels and Clinicopathological Indices of Tumor Tissues

A median gene expression value of 6.436 was used to stratify the 537 TCGA-ccRCC patients into the low or high expression group. Analysis using TCGA clinical data and R version 4.0.2 showed that HCST expression was correlated with grade (p = 0.005), TNM stage (p = 0.001), lymph node metastasis (p = 0.004), and invasion depth (p = 0.018), but not age (p = 0.721), sex (p = 0.292), or distant metastasis (p = 0.218) (Table 1).


Table 1. Relationship between HCST expression level and clinicopathological variables in ccRCC patients.

[image: Table 1]



HCST Is an Independent Poor Prognostic Factor of ccRCC

The R software “survival” package, Kaplan–Meier method, and log-rank test were used to assess the effect of the HCST on the OS of ccRCC patients. The logarithmic rank p-value and 95% CI were calculated. Then, a survival curve was plotted. Univariate and multivariate Cox regression analyses were performed to investigate whether high expression of the HCST could be an independent adverse prognostic factor in patients with ccRCC. As shown in Table 2, Cox univariate survival analysis indicated that grade (p < 0.001), TNM stage (p < 0.001), lymph node metastasis (p = 0.001), invasion depth (p < 0.001), distant metastasis (p < 0.001), and HCST expression (p = 0.005) were important parameters affecting the duration of OS, while multivariate Cox survival analysis showed that grade, distant metastasis, and HCST expression were independent factors of a poor prognosis of ccRCC patients (all, p < 0.05) (Figure 6).


Table 2. Univariate analysis of the prognostic factors in ccRCC patients using a Cox regression model.

[image: Table 2]


[image: Figure 6]
FIGURE 6. High HCST expression is associated with poor survival of ccRCC patients. (A, Upper) OS of HCST (high) and HCST (low) ccRCC patients matching the TCGA database from R version 4.0.2 software. (A, Down) DFS of HCST (high) and HCST (low) patients from the GEPIA2 matching TCGA and GTEx data. (B) Multivariate Cox analysis showing the hazard ratios of different factors. The number of events for the number of tested factors was 92. The global p-value (log-rank) was 5.7508e−05, Akaike's information criterion was 836.47, and the concordance index was 0.76.




Protein Interaction Network of HCST

The STRING database was used to explore the known and predicted protein–protein associations involving HCST. The top 10 predicted functional partners were TYROBP (score = 0.983), KLRC4 (score = 0.976), MICA (score = 0.966), MICB (score = 0.965), ULBP3 (score = 0.962), ULBP1 (score = 0.962), RAET1E (score = 0.951), GRB2 (score = 0.942), KLRK1 (score = 0.923), and PIK3R1 (score = 0.870) (Figure 7). Function enrichment analysis of the HCST gene revealed that the most significant biological processes were “natural killer cell-mediated cytotoxicity,” “regulation of immune response,” “immune effector process,” and “innate immune response.” In regard to cellular components, the HCST gene was significantly enriched in “cell surface,” “the plasma membrane,” “membrane part,” and “intrinsic component of plasma membrane.”


[image: Figure 7]
FIGURE 7. Protein interaction network of HCST. An interaction network of the HCST protein with other proteins (i.e., TYROBP, KLRC4, MICA, MICB, ULBP3, ULBP1, RAET1E, GRB2, KLRK1, and PIK3R1). The interaction network was obtained from the STRING database.




GSEA of HCST

GSEA identified 57 HCST-related signaling pathways that were upregulated in ccRCC, 17 of which were more obviously enriched (NOM p < 0.05, FDR <0.1, and NES > 2.0) (Figure 8). As shown in Table 3, the terms “proteasome,” “cytosolic DNA sensing pathway,” “cell adhesion molecules cams,” and “cytokine receptor interaction,” whose function was involved in cell adhesion and tumorigenesis, were significantly enriched in the HCST high expression group. Meanwhile, the terms associated with immune and inflammatory responses included “hematopoietic cell lineage,” “intestinal immune network for IGA production,” “natural killer cell-mediated cytotoxicity,” “antigen processing and presentation,” and “primary immunodeficiency.”


[image: Figure 8]
FIGURE 8. GSEA identification of HCST-related signaling pathways in ccRCC. GSEA pathways enriched in samples with high HCST expression. The GSEA results showed that the terms “proteasome,” “cytosolic DNA sensing pathway,” “cell adhesion molecules cams,” “cytokine receptor interaction,” “primary immunodeficiency,” “hematopoietic cell lineage,” “natural killer cell-mediated cytotoxicity,” “intestinal immune network for IGA production,” and “antigen processing and presentation” were differentially enriched in GC samples with high BICC1. NES, normalized enrichment score.



Table 3. GSEA pathways upregulated due to high expression of HCST.

[image: Table 3]



Interrelation With Tumor-Infiltrating Immune Cells in ccRCC

Analysis with the CIBERSOFT software showed that HCST expression was correlated with tumor-filtrating immune cells, including naïve B cells, activated DCs, eosinophils, M2 macrophages, resting mast cells, monocytes, neutrophils, resting NK cells, plasma cells, activated CD4 memory T cells, resting CD4 memory T cells, CD8 T cells, follicular helper T cells, gamma delta T cells, and regulatory T cells (all, p < 0.001) (Figure 9). In addition, the TIMER database indicated that HCST expression was positively correlated to the levels of different infiltrating immune cells, including B cells (r = 0.312, p = 8.04e−12), CD8+ T cells (r = 0.541, p = 1.11e−34), and neutrophils (r = 0.3.93, p =2.33e−18), and strongly correlated with DCs (r = 0.576, p = 1.74e−41) (Figure 10A).


[image: Figure 9]
FIGURE 9. HCST was significantly correlated with tumor-infiltrating immune cells in ccRCC. Analysis of the TCGA dataset via the LM22 signature matrix using CIBERSORT online. In total, 22 kinds of tumor-infiltrating immune cells are plotted according to the HCST expression level. There were significant differences in naïve B cells, activated DCs, eosinophils, M2 macrophages, resting mast cells, monocytes, neutrophils, resting NK cells, plasma cells, activated CD4 memory T cells, resting CD4 memory T cells, CD8 T cells, follicular helper T cells, gamma delta T cells, and regulatory T cells (all, p < 0.001).



[image: Figure 10]
FIGURE 10. Correlation of HCST with tumor-infiltrating immune cells in ccRCC and the expression of the immune-related genes PD-1. (A) In TIMER, HCST expression was correlated with B cells (r = 0.312, p = 8.04e−12), CD8+ T cells, (A) (r = 0.541, p = 1.11e−34) and neutrophils (r = 0.3.93, p =2.33e−18), and strongly correlated with DCs (r = 0.576, p = 1.74e−41). (B) HCST with CD80, CD86, and CD28 in ccRCC.




The Correlation Analysis of HCST and Immune-Related Genes PD-1

Our results showed that the HCST was positively correlated with the expression of CD80 in ccRCC (cor = 0.518, p = 7.21e-38, respectively); the HCST was positively correlated with the expression of CD86 in ccRCC (cor = 0.545, p = 1.57e-42, respectively); the HCST was positively correlated with the expression of CD28 in ccRCC (cor = 0.616, p = 5.85e-57, respectively) (Figure 10B).




DISCUSSION

In recent years, due to the continuous and stable antitumor responses, immunotherapy has become the first-line therapy for ccRCC. Various studies of immunotherapy regimens have revealed that immune cell infiltration and IRGs play pivotal roles in carcinogenesis and tumor progression (25, 26). However, the relationship between IRGs and the mechanisms underlying tumorigenesis and progression is still not fully understood in ccRCC.

In the present study, IRG expression levels in ccRCC tissues were analyzed systematically. With a multistep selection and validation procedure, the HCST gene was chosen as the proposed IRG-based prognostic model. Firstly, R version 4.0.2 software was used to analyze the transcriptomic and clinical data retrieved from TCGA, which showed that patients had significantly shorter durations of OS and DFS with higher HCST mRNA levels. In addition, high HCST expression has been associated with grade (p = 0.005), TNM stage (p = 0.001), lymph node metastasis (p = 0.004), and invasion depth (p = 0.018) in ccRCC. Moreover, univariate and multivariate analyses demonstrated that the HCST was an independent poor prognostic biomarker of OS and DFS in ccRCC patients.

Subsequently, GSEA was performed with the STRING database to determine the molecular functions and potential mechanisms of the HCST. Protein–protein interaction analysis showed that the top 10 proteins associated with the HCST included TYROBP, KLRC4, MICA, MICB, ULBP3, ULBP1, RAET1E, GRB2, KLRK1, and PIK3R1, which are mainly involved in the immune response and tumorigenesis. Functional enrichment analysis of these interaction partners at the gene level showed enrichment in the terms “immunoreaction” and “encoding a transmembrane signaling adaptor.” For instance, PIK3R1 is a major regulatory isomer of PI3K, and dysregulation of the PI3K/PTEN pathway is a common cause of cancer (27). The HCST may be involved in tumorigenesis through synergistic action with these genes. The GSEA study further indicated that the pathways enriched in tissue samples with high HCST expression were mainly related to cell adhesion, tumor formation, and the immune response. Of nine representative upregulated pathways, the enriched terms “proteasome,” “cytosolic DNA sensing pathway,” “cell adhesion molecules cams,” and “cytokine receptor interaction” were associated with cell adhesion and tumorigenesis, while “hematopoietic cell lineage,” “intestinal immune network for IGA production,” “natural killer cell-mediated cytotoxicity,” “antigen processing and presentation,” and “primary immunodeficiency” were correlated to immune and inflammatory responses. Hence, these findings uncovered the molecular functions and underlying mechanisms of the HCST in ccRCC. High expression of the HCST influences the occurrence and development of ccRCC and contributes to the unfavorable prognosis of ccRCC patients.

Based on differential HCST expression, CIBERSORT analysis was used to evaluate the estimated proportions of tumor-infiltrating immune cells in ccRCC, which included naïve B cells, activated DCs, eosinophils, M2 macrophages, resting mast cells, monocytes, neutrophils, resting NK cells, plasma cells, activated CD4 memory T cells, resting CD4 memory T cells, CD8 T cells, follicular helper T cells, gamma delta T cells, and regulatory T cells. The expression level of the HCST influenced the proportions of these immune cells. Further analysis with the use of the TIMER database revealed that the HCST gene was prominently correlated with the tumor infiltration of B cells, CD8+ T cells, and neutrophils and strongly interrelated with DCs. Barry et al. found that intratumorally stimulatory DCs play important roles in the stimulation of cytotoxic T cells and driving the immune responses against cancer (28). Additionally, DCs were found to play a central role in the regulation of the balance between CD8 T-cell immunity vs. tolerance to tumor antigens (29–31). Of the antigen-presenting cells, DCs are the most effective in the activation of naïve T cells and induce an immune memory response in cancer (32). A number of effective tumor treatments related to DCs have been proposed, such as administration in conjunction with (neo)antigens, mobilization of endogenous DCs, and the use of stimulating adjuvants (33). However, improvements to treatment strategies are still required to identify and understand biomarkers associated with DCs. Our study suggested that the HCST could influence the prognosis of ccRCC by affecting tumor-related immune cells, especially DCs.

Notably, T cell activation is dependent upon signals delivered through the antigen-specific T cell receptor and accessory receptors on the T cell. PD-1 is an inhibitory receptor with two B7-like ligands. A primary costimulatory signal is delivered through the CD28 receptor with combining its ligands, B7-1 (CD80) or B7-2 (CD86) (34). Therefore, CD28 can be used as a responsive biomarker to the expression of the IRGs PD-1. Therefore, the expression of the HCST can play roles in predicting the response to anti-PD-1 therapy in ccRCC.

Finally, we discovered, for the first time, the effect of the HCST on ccRCC. Consistently, Milioli et al. found that high HCST expression was associated with poor survival of patients with basal-like breast cancer, the cancer immune response, epithelial-mesenchymal transition, and the cell cycle (35). Qi et al. found that the HCST might be potential novel predictive markers for immunotherapy in non-small cell lung cancer (24). We performed a primary test using qRT-PCR to determine the expression of the HCST in renal cancer tissues and compared them with para-cancer tissues. Moreover, we conducted a survival analysis to verify the prognostic value of the HCST by extracting data from the TCGA database. However, a second cohort study will be more convincing if validated. Additionally, it is worth performing experimental studies on specific mechanisms. Therefore, further investigations are required.

In summary, the present study verified that overexpression of the HCST was interrelated to the clinicopathology and poor prognosis of ccRCC. High HCST expression was also closely correlated with the levels of tumor-infiltrating immune cells, especially DCs. However, further studies of the molecular function of the HCST are needed to identify new targets for immunotherapy of ccRCC, as well as new biomarkers for prognostic prediction.
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Renal cell carcinoma (RCC) is the most frequent malignant tumor of the kidney. 30% of patients with RCC are diagnosed at an advanced stage. Clear cell renal cell carcinoma (ccRCC) is the most common pathological subtype of RCC. Currently, advanced ccRCC lacks reliable diagnostic and prognostic markers. We explored the potential of SAA1 as a diagnostic and prognostic marker for advanced ccRCC. In this study, we mined and analyzed the public cancer databases (TCGA, UALCAN and GEPIA) to conclude that SAA1 was up-regulated at mRNA and protein levels in advanced ccRCC. We further found that hypomethylation of SAA1 promoter region was responsible for its high expression in ccRCC. Receiver operating characteristic curve (ROC) indicated that high SAA1 levels could distinguish advanced ccRCC patients from normal subjects (p < 0.0001). Kaplan-Meier curve analysis showed that high SAA1 levels predicted poor overall survival time (p < 0.0001) and poor disease-free survival time (p = 0.0003). Finally, the functional roles of SAA1 were examined using a si-SAA1 knockdown method in RCC cell lines. Our results suggest that SAA1 may possess the potential to serve as a diagnostic and prognostic biomarker for advanced ccRCC patients. Moreover, targeting SAA1 may represent as a novel therapeutic target for advanced ccRCC patients.




Keywords: SAA1, diagnosis, prognosis, biomarker, renal cancer



Introduction

In the United States, renal cancer represents respectively the 6th and 8th most common malignancy in men and in women, accounting for about 3% of cancer deaths (1). Cancer statistics show that approximately 73,820 new cases of renal cancer and expected 14,770 deaths happened in the United States in 2019 (1). Clear cell renal cell carcinoma (ccRCC) is clinically divided into localized ccRCC (L-ccRCC), locally advanced ccRCC (LA-ccRCC), and metastatic ccRCC (M-ccRCC). L-ccRCC and LA-ccRCC can achieve clinical curative effect through nephron-sparing surgery or nephrectomy. M-ccRCC requires comprehensive medical treatment, including cytoreductive nephrectomy, molecular targeted therapy and immunotherapy (2–6). Although surgical treatment, targeted therapy and immunotherapy have acquired great progress in recent years, there are still many patients with advanced ccRCC or M-ccRCC die from this disease due to treatment tolerance (7, 8). Therefore, the progress and metastatic mechanisms of locally advanced ccRCC and M-ccRCC are the primary tasks of current research.

SAA1 protein belongs to a member of the serum amyloid A family of apolipoproteins. SAA1 is a major acute-phase protein whose expression is upregulated when the body is stressed by inflammation and tissue damage (9). In addition, SAA1 expression also can be induced following surgery or in advanced malignancies (10). SAA1 also plays a critical role in high-density lipoprotein metabolism and cholesterol homeostasis (11, 12). Extensive literatures have reported that SAA1 could contribute to cancer development and accelerate tumor progression and distant metastasis (10). For example, SAA1 enhances plasminogen activation to promote colon cancer progression (13). SAA1 may interact with the extracellular matrix to change its affinity to cells, leading to cell metastasis (14). In addition, a large number of studies have confirmed the positive correlation between SAA1 concentrations and tumor stage (15, 16). In a sample of 233 different tumor patients, higher SAA1 levels appeared in more advanced tumor patients (17). Moreover, the up-regulation of SAA1 could be used as a biomarker for a variety of malignant tumors (18–20). Most importantly, serum SAA1 was identified as a biomarker of distant metastases but not as an early tumor marker in RCC patients (21). However, the diagnostic and prognostic potential of SAA1 at the tumor tissue level and its biological function in ccRCC have not been reported.

In this study, we were committed to exploring the diagnostic and prognostic value of SAA1 in ccRCC, especially in advanced ccRCC, and strived to explore the therapeutic potential of targeting SAA1.



Materials and Methods


Data Download

We downloaded the GSE11151 (22), GSE6344 (23) and GSE781 (24) datasets from the GEO database (https://www.ncbi.nlm.nih.gov/geo/), which is a public and shared cancer database. We took the top ten up-regulated genes in these three datasets to analyze the intersection genes.



Data Processing

The differentially expressed genes (DEGs) of GSE11151, GSE6344 and GSE781 datasets were identified using GEO2R (https://www.ncbi.nlm.nih.gov/geo/geo2r/), an available online analysis software for the GEO database, which was dependent on R language programming. According to the criteria of logFC ≥2 or logFC ≤-2 and adjusted p value < 0.05, DEGs from the three datasets were identified. We used the Wayne diagram to screen the intersection of three datasets with the top 10 up-regulated DEGs.



TCGA Database

The mRNA expression data of SAA1 in ccRCC tissues and para-cancer tissues and clinicopathological features including gender, age, T stage, tumor grade, M stage, N stage, histopathological stage, overall survival (OS) were downloaded from TCGA-KIRC datasets (https://xenabrowser.net/heatmap/). Kaplan-Meier curves and ROC curves were analyzed using mRNA levels from TCGA-KIRC dataset.



UALCAN Online Analysis

SAA1 mRNA, protein expression and promoter methylation levels were evaluated using the UALCAN online analysis software (http://ualcan.path.uab.edu/index.html) (25).



GEPIA

SAA1 mRNA, overall survival and disease-free survival were also evaluated using GEPIA online analysis software (http://gepia.cancer-pku.cn/) (26).



ROC Curves Analysis of SAA1

The potential diagnostic value of SAA1 was evaluated using the receiver operating characteristic (ROC) curves by Graphpad Prism software.



Cell Culture and Transfection

Human RCC cell lines 786-O, ACHN, A-498, Caki-1 and normal renal tubular epithelial cells HK-2 were obtained from ATCC. OS-RC-2 cell line was a gift from the Department of Urology of Wuhan Tongji Hospital. All cell lines were cultured in DMEM medium containing 1% penicillin-streptomycin and 10% FBS. Small interfering RNA (si-RNA) against SAA1 and corresponding negative control (si-NC) were purchased from Ribobio Biological Co., Ltd. (Guangzhou, China). si-SAA1 sequences and si-NC sequences were transfected into cells using Lipofectamine 2000 reagent.



Immunohistochemistry (IHC), Transwell Migration and Invasion, and Western Blotting (WB) Assays

ccRCC tissues and adjacent normal tissues were fixed in 10% formalin, dehydrated, and embedded in paraffin sequentially. The paraffin sections were incubated with anti-SAA1 antibody overnight at 4°C. Transwell migration and invasion were performed using 24-well transwell chambers. The specific details of these experiments were previously described (27).



ccRCC Tissue Samples

We collected ccRCC tissues and adjacent normal tissues of 30 case patients who were subjected to partial nephrectomies or nephrectomies at Wuhan Union Hospital between 2018 and 2019. All patients had signed an informed consent form. This study was approved by the Ethics Committee of Huazhong University of Science and Technology.



Statistical Analysis

SPSS statistical software and Graphpad Prism 7.0 were used for statistical analysis. The SAA1 mRNA levels were analyzed among different clinicopathological features of ccRCC using the Mann-Whitney test. Pearson’s chi-square test was used to analyze the correlation between SAA1 expression levels and clinicopathological features of ccRCC. The ROC curve was used to distinguish ccRCC patients and obtain the area under the curve (AUC). The Kaplan-Meier curve was used to analyze the relationship between the expression level of SAA1 and the overall survival and progression-free survival of ccRCC patients. Each group of data is presented as mean ± SD. The p value<0.05 was considered statistically significant.




Results


Screening and Prognostic Analysis of Up-Regulated Target Genes in ccRCC Patients

By analyzing three public cancer datasets, we found two intersection genes, SAA1 and CCL20, in these three datasets (Figure 1A). Next, we analyzed the correlation between the expression levels of these two genes and the overall and disease-free survival of patients with ccRCC. We found that only SAA1 expression was associated with prognosis in patients with ccRCC and high SAA1 expression indicated a worse prognosis (Figures 1B, C).




Figure 1 | Screening and prognostic analysis of up-regulated target genes in ccRCC patients. (A) Wayne diagram showing top ten up-regulated genes in three public databases. (B) Kaplan Meier curve analysis for the effect of SAA1 expression on the prognosis of ccRCC patients. (C) Kaplan Meier curve analysis for the effect of CCL20 expression on the prognosis of ccRCC patients.





SAA1 Is Highly Expressed and Predicts High Tumor Stage in Advanced and Metastatic ccRCC Patients

To verify the reliability of the above three studies, we analyzed the expression of SAA1 and its association with clinical pathological parameters in the TCGA database. As shown in Figure 2A, SAA1 expression in tumor tissues is upregulated at mRNA levels. Next, we analyzed the mRNA expression levels of SAA1 against T stage, N stage, M stage, Grade classification, histopathological stage and its correlation with these clinicopathological parameters in patients with ccRCC (Figures 2B–F and Table 1). Our analysis found that the mRNA expression of SAA1 was positively correlated with these clinicopathological parameters and that the mRNA expression of SAA1 increased significantly in higher tumor stages but did not increase or show a downward trend in early tumor stages (Figures 2B–F). These results suggested that elevated mRNA expression of SAA1 was predictive of advanced tumor stages. To make our study more precise, we also analyzed the expression of SAA1 in the UALCAN and GEPIA online tumor database websites. As shown in Figures 3A–F, high SAA1 expression mainly occurred in patients with advanced and metastatic ccRCC, which were consistent with the analysis results of the TCGA database. Similarly, we also analyzed the expression of SAA1 at the protein level, and the results showed that SAA1 protein expression increased significantly in patients with advanced ccRCC (Figures 4A–C). The above results indicate that SAA1 is highly expressed at mRNA and protein levels and predicts high stage risk in patients with advanced and metastatic ccRCC.




Figure 2 | Analysis of SAA1 mRNA expression using TCGA database. (A) The mRNA expression levels of SAA1 were up-regulated in ccRCC samples, which were downloaded from TCGA-KIRC database containing 72 paired ccRCC samples. The expression levels of SAA1 mRNA were compared in various tumor stages: (B) M stage, (C) N stage, (D) T stage, (E) tumor grade, (F) TNM stage. (****P <0.0001, ***P <0.001, *P <0.05, NS means no significance, compared with the respective control).




Table 1 | Association of SAA1 mRNA expression with clinicopathological parameters in ccRCC patients.






Figure 3 | Analysis of SAA1 mRNA expression using UALCAN and GEPIA database. (A) The mRNA expression levels of SAA1 were up-regulated in ccRCC samples from UALCAN database. (B) The expression levels of SAA1 mRNA were compared in tumor grade from UALCAN database. (C) The expression levels of SAA1 mRNA were compared in TNM stage from UALCAN database. (D) The expression levels of SAA1 mRNA were compared in N stage from UALCAN database. (E) The mRNA expression levels of SAA1 were up-regulated in ccRCC samples from GEPIA database. (F) The expression levels of SAA1 mRNA were compared in TNM stage from GEPIA database. (****P<0.0001, ***P<0.001, **P<0.01, *P<0.05, NS means no significance, compared with the respective control).






Figure 4 | Analysis of SAA1 protein expression using UALCAN database. (A) The protein expression analysis of SAA1 in ccRCC samples from UALCAN database. (B) The protein expression levels of SAA1 were compared in tumor grade from UALCAN database. (C) The protein expression levels of SAA1 were compared in TNM stage from UALCAN database. (****P<0.0001, *P<0.05, NS means no significance, compared with the respective control).





SAA1 Gene Promoter Region Is Hypomethylated in Patients With Advanced and Metastatic ccRCC

DNA methylation modification is an important component of epigenetics, which can silence the expression of methylated genes. To understand the cause of SAA1 overexpression in advanced and metastatic ccRCC, we analyzed the methylation status of SAA1 gene through the UALCAN online database. As shown in Figure 5A, the SAA1 gene was hypomethylated in ccRCC tissues, while it was hypermethylated in normal kidney tissues. Moreover, with the increase of tumor stage and grade, the degree of SAA1 gene methylation decreased accordingly, which means that the degree of SAA1 gene methylation was inversely related to the tumor’s stage (Figures 5B–D). These results indicate that the upregulation of SAA1 expression is due to the low methylation levels of the SAA1 promoter region in ccRCC and its methylation levels are inversely correlated with tumor stage and grade.




Figure 5 | Analysis of methylation levels in SAA1 gene promoter region. (A) The methylation analysis of SAA1 gene promoter region in ccRCC samples from UALCAN database. (B) The methylation levels of SAA1 gene promoter region were compared in tumor grade from UALCAN database. (C) The methylation levels of SAA1 gene promoter region were compared in N stage from UALCAN database. (D) The methylation levels of SAA1 gene promoter region were compared in TNM stage from UALCAN database. (****P<0.0001, *P<0.05, compared with the respective control).





SAA1 Possesses Diagnostic Value for Advanced and Metastatic ccRCC

Biomarkers for tumor progression are still lacking in ccRCC patients. We found that SAA1 expression was significantly up-regulated at the mRNA and protein levels in patients with advanced and metastatic ccRCC. We wondered whether SAA1 could accurately diagnose patients with advanced and metastatic ccRCC. To determine the diagnostic value of SAA1, we performed ROC curve analysis between tumor tissues with different stage or grade and normal tissues. As shown in Figures 6A–D, high SAA1 levels could effectively distinguish advanced and metastatic ccRCC tissues from normal tissues (Normal/T4 (Figure 6A, AUC = 0.8157, p = 0.0008); Normal/N1 (Figure 6B, AUC = 0.8481, p < 0.0001); Normal/M1 (Figure 6B, AUC = 0.7917, p < 0.0001); Normal/G4 (Figure 6C, AUC = 0.8862, p < 0.0001); Normal/Stage IV (Figure 6D, AUC = 0.7737, p < 0.0001), but could not distinguish early ccRCC tissues from normal tissues. These results suggested that SAA1 could serve as a new diagnostic marker for patients with advanced and metastatic ccRCC. We wondered whether SAA1 predicts a similar prognosis in ccRCC patients with different stages and clinical parameters.




Figure 6 | Analysis of the diagnostic value of SAA1 for advanced and metastatic ccRCC. (A) ROC curve analysis of the diagnostic value of SAA1 in patients with ccRCC at T stage. (B) ROC curve analysis of the diagnostic value of SAA1 in patients with ccRCC at N and M stages. (C) ROC curve analysis of the diagnostic value of SAA1 in patients with ccRCC at tumor grade. (D) ROC curve analysis of the diagnostic value of SAA1 in patients with ccRCC at TNM stage.





SAA1 Possesses Prognostic Value for ccRCC Patients Regardless of Early and Advanced Tumors

Our previous results have confirmed that high expression of SAA1 predicts poor overall and disease-free survival in patients with ccRCC (Figure 1B). Moreover, our COX regression analysis found that SAA1 could be used as an independent prognostic factor for ccRCC (Table 2). We wondered whether SAA1 predicted a similar prognosis in ccRCC patients with different stages and clinical parameters. Therefore, we performed Kaplan Meier curve analysis towards the expression of SAA1 in ccRCC patients with different stages and clinical parameters (Figures 7A–L). Our results indicated that high SAA1 expression could serve as a potential prognostic factor for ccRCC patients with T1 + T2 stage (Figure 7A, p = 0.0002), T3 + T4 stage (Figure 7B, p = 0.0030), N0 stage (Figure 7C, p < 0.0001), M0 stage (Figure 7D, p < 0.0001), G1 + G2 stage (Figure 7E, p = 0.0088), G3 + G4 stage (Figure 7F, p = 0.0014), Stage I+II (Figure 7G, p = 0.0004), Stage III+IV (Figure 7H, p = 0.0081), Female (Figure 7I, p < 0.0001), Male (Figure 7J, p = 0.0009), Age ≥ 60 years (Figure 7K, p < 0.0001), Age < 60 years (Figure 7L, p = 0.0044).


Table 2 | COX regression analysis between prognostic risk factors and overall survival of ccRCC patients.






Figure 7 | Analysis of the prognostic value of SAA1 for ccRCC. The ccRCC tissue samples from TCGA database were divided into low SAA1 expression group and high SAA1 expression group according to the median expression value of SAA1 mRNA level. The correlation between SAA1 expression and overall survival time of ccRCC patients was analyzed by Kaplan-Meier. (A-L) Overall survival analysis towards the expression of SAA1 mRNA was performed in subgroups of ccRCC patients: (A) T1+T2 stage, (B) T3+T4 stage, (C) N0 stage, (D) M0 stage, (E) G1+G2 stage, (F) G3+G4 stage, (G) Stage I+II, (H) Stage III+IV, (I) Female, (J) Male, (K) Age≥60 years, (L) Age<60 years.





The Protein Levels of SAA1 Were Examined in RCC Cell Lines and Tissues

To further confirm the results of the UALCAN, GEPIA and TCGA databases, SAA1 was subjected to western blotting in RCC cell lines and tissues. As shown in Figures 8A, B, the protein levels of SAA1 in RCC cell lines were significantly up-regulated compared with normal renal epithelial cell HK-2, and the protein levels of SAA1 in ccRCC tissues was also obviously overexpressed compared with adjacent normal tissues. The protein levels of SAA1 were also examined by immunohistochemistry (IHC) in paired ccRCC tissues, and the IHC results were consistent with the results of western blotting (Figure 8C). These results indicate that SAA1 is up-regulated in ccRCC cell lines and tissues, consistent with the results of UALCAN, GEPIA and TCGA database.




Figure 8 | The protein levels of SAA1 in RCC cells and tissues. (A) Western blotting analysis of SAA1 expression levels in RCC cell lines (786-O, ACHN, A-498, OS-RC-2, Caki-1) and renal normal epithelial cells (HK-2). (B) Western blotting analysis of SAA1 protein levels in 4 pairs of ccRCC tissues (N, normal tissue; T, tumor tissue). (C) IHC analysis of SAA1 protein levels in normal renal tissues and ccRCC tissues.





SAA1 Knockdown Inhibits Migration and Invasion of RCC cells In Vitro

To investigate whether SAA1 affects the migration and invasion of RCC cells, we performed the transwell assays. As shown in Figures 9A, B, knockdown of SAA1 significantly impaired the migration and invasion capability of 786-O and ACHN cells. These results reversely suggest that SAA1 promotes migration and invasion of RCC cells.




Figure 9 | SAA1 knockdown significantly inhibits migration and invasion of RCC cells in vitro. (A, B) Transwell assays analysis of the effect of SAA1 knockdown on cell migration and invasion of 786-O and ACHN. (**P<0.01, *P<0.05, compared with si-NC group).






Discussion

The most common malignant tumor of the kidney is renal cell carcinoma (RCC), and ccRCC is the most common pathological subtype of RCC. The surrounding abundant vascularization causes ccRCC to grow easily and metastasize through the blood (28). It is reported that about 15% of RCC patients have distant metastases at the time of diagnosis (29). Moreover, treatment options for patients with advanced and metastatic ccRCC are limited and their survival prognosis is poor. Therefore, biomarkers screening for ccRCC progression is the key to improve the diagnosis and treatment of advanced and metastatic ccRCC. However, there is still a lack of clinical biomarkers for ccRCC progression and therapeutic targets for biomarkers.

SAA1 is currently recognized as an acute phase protein. When the body suffers from inflammation, trauma, surgery or advanced malignant tumors, the expression of SAA1 is significantly up-regulated (30). SAA1 has been reported to play a critical role in high-density lipoprotein metabolism and cholesterol homeostasis (11, 12). In addition, the role of SAA1 in tumor progression and its potential as a biomarker have also been extensively studied. For example, a large number of studies have reported that SAA1 promotes tumor progression and accelerates distant metastasis (31, 32). High SAA1 expression could be used as a potential biomarker for a variety of malignant tumors (18–20). Previous studies reported that SAA1 possessed the potential to become a prognostic marker of RCC (33, 34). Moreover, another study reported that serum SAA1 has been identified as a biomarker of distant metastases but not as an early tumor marker in RCC patients (21). These studies, unfortunately, did not detect the expression of SAA1 at the level of tumor cells and tissues. In addition, studies on SAA1 as a diagnostic and prognostic marker for advanced and metastatic ccRCC lack the support of extensive public research data.

In this study, we used three publicly published ccRCC GSE datasets to mine the top ten up-regulated genes and used the Wayne diagram to take the intersection in the three datasets. As a result, we screened out two candidate genes, SAA1 and CCL20. Next, we performed a prognostic analysis of these two genes using data from the TCGA database and found that only SAA1 possessed a predictive significance for ccRCC patients. So we used SAA1 as our target gene. To verify the accuracy of our screened genes, we analyzed SAA1 expression using publicly available TCGA, UALCAN and GEPIA databases. The results indicate that SAA1 is upregulated not only at the mRNA level but also at the protein level in ccRCC patients and exhibits higher expression levels in advanced and metastatic ccRCC. Next, we analyzed the reasons for the upregulation of SAA1 in ccRCC and found that the methylation levels of the promoter region of SAA1 gene were reduced, especially in advanced and metastatic ccRCC. ROC curve analysis found that SAA1 could only distinguish patients with advanced and metastatic ccRCC from the normal population, while Kaplan Meier curve analysis indicated that high SAA1 expression always predicted a worse prognosis regardless of tumor stage. Functionally, SAA1 knockdown significantly inhibits the migration and invasion of RCC cells in vitro.

Collectively, we found that SAA1 expression was up-regulated in kidney cancer tissues and its high expression was predictive of advanced tumor stage. In addition, SAA1 could serve as a biomarker for the diagnosis and prognosis of advanced and metastatic renal cell carcinoma at the tumor tissue level. Targeted SAA1 therapy might provide new treatment directions and good prognosis for patients with advanced and metastatic ccRCC.

Unsatisfactorily, there are some flaws in our research. Such as, the specific mechanism and molecular pathways of SAA1-mediated ccRCC metastasis remain unclear. The functions of SAA1 in vivo are still unclear. Moreover, our prediction data on tumor diagnosis and prognosis are mainly derived from cancer databases, and there is a lack of clinical and prognostic data for metastatic renal cell carcinoma patients, such as the International Metastatic Renal-Cell Carcinoma Database Consortium (IMDC) risk score. In addition, the SAA1 expression level in tissue specimens of metastatic renal cell carcinoma and its relationship with the prognosis of patients are still unclear. In subsequent experiments, we will continue to carry out relevant studies on these shortcomings. However, our study confirms that SAA1 expression is significantly up-regulated in advanced and metastatic ccRCC and can effectively distinguish patients with advanced and metastatic ccRCC from the normal population.

In summary, for the first time, we have demonstrated that SAA1 expression is significantly upregulated at the mRNA and protein levels in advanced and metastatic ccRCC. Moreover, SAA1 has great potential as a diagnostic and prognostic marker for advanced and metastatic ccRCC. In addition, targeted SAA1 therapy provides a new treatment and strategy for patients with advanced and metastatic ccRCC.
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Most of the etiology studies of bladder cancer focus on genetic changes, mainly including mutation and activation of oncogenes, mutation and inactivation of tumor suppressor genes, and rearrangement or heterozygous deletion of chromosomes. Moreover, bladder cancer is highly heterogeneous mainly due to abnormal changes in the genome and proteome of tumor cells. Surgery is the main treatment for bladder cancer, but because the recurrence rate is high after surgery and most of the muscle-invasive bladder cancer acquires distant metastasis. Therefore, there is a need to combine with chemotherapy to consolidate the treatment effect. However, there are differences in chemosensitivity among patients. In this article, we review the up-to-date genomic researches on bladder cancer occurrence, development, metastasis, and chemosensitivity in patients, in order to provide some theoretical support for the diagnosis and treatment strategy for bladder cancer.
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Introduction

Bladder cancer is the ninth most common malignant disease worldwide, with 549,393 new cases reported in 2018, and it ranks fourteenth in cancer mortality worldwide. Moreover, its incidence and mortality in males increased to the 6th and 9th place among cancers, respectively. Although men are more likely to develop bladder cancer, women often present with more advanced disease and have unfavorable prognosis. This disease can present as non-muscle-invasive bladder cancer (NMIBC), muscle-invasive bladder cancer (MIBC) and a metastatic form of the disease. The overall survival declines dramatically as the cancer progresses, especially when urothelial cells transition from noninvasive to invasive (1, 2). Each stage of the disease has different molecular drivers, and epigenetic dysregulation also plays an important role in the pathogenesis of bladder cancer (3). Furthermore, heterogeneity is a characteristic feature of bladder cancer, which exhibits a wide spectrum of clinical and pathologic features (4). In addition, chemotherapy is an important treatment method for bladder cancer, but chemotherapy has failed in a large proportion of patients with bladder cancer because of the gradual chemoresistance, which leads to the relapse and progression of tumors (5).

Recent advances in the next-generation sequencing technologies have significantly improved our understanding of the genomic landscape and the molecular underpinnings of bladder cancer (6). This review will summarize the molecular mechanism of bladder cancer occurrence, development and metastasis, as well as the sensitivity towards chemotherapy in patients, in order to pave the way for diagnosis, monitoring, prognosis, and personalized care for bladder cancer. Meanwhile, the novel oncogene sequencing method and strategy will also be discussed.



Bladder Cancer Genomics

Carcinogenesis of cells is a very complicated process (7). At the genomic level, its cancerous mechanisms are mainly involved the following aspects: oncogene activation and overexpression; tumor suppressor gene mutations and deletions; loss of gene repair function; tandem duplication of nucleotide abnormalities in the genome, Microsatellite instability; dysfunction of signaling pathways; cell telomerase overexpression. In 2005, the United States launched the Oncology Genome Research Program (4), and hopes to find out all the oncogene in lung cancer, brain cancer, and ovarian cancer in the next 13 years in order to diagnose and treat these “terminally diseases”. However, each tumor has its own unique genetic blueprint, even the cause of same tumor type is different between individuals. Scientists hope to use the “Tumor Genome Project” to establish global collaboration to unravel the secrets of all cancers and build a shared database. The successful implementation of this program is expected to truly benefit human health.

Bladder cancer genomics is a discipline based on the study of the bladder cancer genome to reveal the mechanism of bladder cancer development. Bladder cancer genomics can be divided into two aspects (8): to identify new mutation sites, genes and corresponding molecular signaling pathways related to bladder cancer, and to analyze the causes of tumorigenesis and development from the gene mutation spectrum.


Bladder Cancer Genomics

Gene abnormalities can lead to cell cycle disorders, uncontrolled proliferation, and thus tumors. The genomic defects of bladder cancer are complicated, ranging from single DNA mutations to gene polymorphisms to whole or partial deletions of chromosomes.

The study has found that all human malignancies have somatic gene mutations (9). Activation of oncogenes and suppression of tumor suppressor genes are very common. Abnormal activation of oncogenes such as HER2 can facilitate tumor metastasis. Inactivation of p53 and p16 and other tumor suppressor genes involved in cell cycle regulation can inhibit apoptosis of tumor cells. Common mutations in bladder cancer include TP53, PIK3CA, TSC1, FGFR3, HRAS, and HER2. Moreover, common abnormal expression genes include EGFR, Ki67, PD-L1, ERCC1, and BRCA1. Shariat et al. found that the proportion of p53 and p16 abnormally expressed in bladder cancer patients were 56% and 54%, respectively. It was highly correlated with muscle-invasive bladder cancer which often indicates a poor prognosis (5). Soria et al. studied the expression of HER2 in 354 bladder cancer patients and found that HER2 is highly expressed in more than 32% of patients. Higher expression of HER2 indicates more aggressive tumor invasiveness (10). Hayashi et al. inhibited highly expressed HER2 in bladder cancer cell lines and animal models with HER2 inhibitor T-DM1 and found that T-DM1 has a more prominent inhibitory effect on bladder cancer cell growth than the trastuzumab. In addition, platinum-resistant bladder cancer cells with have higher levels of HER2 expression. Interestingly, this group of cells is more sensitive to T-DM1, and cells treated with T-DM1 are more prone to apoptosis (11). The above studies indicate that the oncogene HER2 plays an important role in the pathogenesis of bladder cancer. Inhibition of HER2 expression and induction of apoptosis can significantly suppress the bladder cancer cell growth. HER2 mutations are also present in bladder cancer. Tschui et al. studied both exon 19 and exon 20 of HER2 gene in bladder cancer patients and found that mutations occur in exon 19 (12).

The cancer genome atlas (TCGA) analyzed DNA data from 131 patients with muscle-invasive bladder cancer and identified 32 mutant genes with high frequency. These mutations are mainly occurred in the cell cycle, chromatin regulation and kinase signaling pathways (13). Another comprehensive analysis of the full TCGA cohort of 412 MIBC cases was conducted in 2017. 58 significantly mutated genes (SMGs) were identified in the expanded cohort, in which 34 mutant genes were not identified in previous analysis and 7 mutant genes were identified in more than 10% of samples: KMT2A (11%), SPTAN1 (12%), ERBB2 (12%), CREBBP (12%), FAT1 (12%), ATM (14%) and KMT2C (18%). Moreover, 158 genes that were epigenetically silenced were identified by analyzing DNA methylation and gene expression, for example, SPATC1L (silenced in 19%), nicotinate phosphoribosyltransferase (NAPRT) (13%), Poly(ADP-ribose) polymerase PARP6 (26%) and latexin (LXN) (27%). However, the DNA hypermethylation in the promoter of other tumor suppressor genes were not found, such as RB1, NF2, NF1, TSC2, TSC1, PTEN, and TP53 (14).

In addition to single DNA abnormality, bladder cancer genomic research also focuses on polymorphism sites. There are multiple gene polymorphisms in bladder cancer such as ERCC1, XRCC1, GSTP1, CDA, GSTM1, and GSTT. Different gene polymorphisms could predict chemotherapy sensitivity in bladder cancer. Xu et al. studied the efficacy of 41 patients at stage IV of muscle-invasive bladder cancer with different ERCC1 genotypes after 2 to 6 cycles of platinum-based chemotherapy. The results suggest there is a discrepancy of short-term response to chemotherapy and median overall survival in patients with different ERCC1 genotype. Compared with C/T and T/T genotypes, patients with C/C genotype had a better short-term response to chemotherapy and median overall survival (15).

Studies have shown that there are changes in the PI3K, MAPK, Hedgehog, and Wnt pathways in the bladder cancer genome (16–18). Among them, the PI3K pathway is the most studied signaling pathway in bladder cancer. ERBB receptor family is the upstream promoter of the PI3K pathway. For example, ERBB1 (EGFR) can activate the PI3K pathway by activating RAS. Overexpression of EGFR, ERBB2 or ERBB3 is associated with tumor grade, stage, and prognosis in bladder cancer. Moreover, mutations in ERBB2 or ERBB3 have been found in some muscle-invasive bladder cancers (19). PIK3CA encodes the catalytic subunit p110α of PI3K, and its mutation occurs in 25% of non-muscle invasive bladder cancer (20). The above studies suggest that the mechanism of bladder cancer development and progression may be related to the PI3K signaling pathway.



Genetics of Bladder Cancer Cell

Chromosomes are aggregates of genetic material, and chromosomal abnormalities are an important part of the genetic defects of bladder cancer. Based on genetic techniques such as genomic hybridization and loss of heterozygosity, it is found that bladder cancer has complex chromosome number and structural variation. Bartoletti et al. have shown that the partial or complete loss of genetic material at chromosome 9 can lead to the loss of tumor suppressor genes such as p16 which often indicates the recurrence of low-grade bladder cancer. Abnormal numbers of chromosomes 3, 7, 13, and 17 have also occurred in bladder cancer (21). Among them, chromosome 3 polyploid and chromosome 7 aneuploidy may be related to the progression and malignancy of bladder cancer, and the aneuploidy of chromosome 17 often implies a high recurrence rate of bladder cancer (4, 22).




Heterogeneity of Bladder Cancer Genome

Tumor heterogeneity describes differences of genotype and phenotype between the same tumor type in different patients, and different sites in an individual, and even between the cancer cells within a tumor. For different individuals, tumor heterogeneity mainly depicts as differences in clinical characteristics such as pathological type, the degree of malignancy, invasion, and metastasis as well as gene mutation, and abnormal expression of proteins. For the same individual, tumor heterogeneity mainly exhibits as differences in gene expression profile and mutation at different sites of the same individual or between the cells of the same tumor, even between many subtypes of tumor cells in the tumor. Phenotypic and genomic (genetic) heterogeneity are two manifestations of tumor heterogeneity. Phenotypic heterogeneity is also the result of genomic heterogeneity to some extent (23). Therefore, the key to the study of tumor heterogeneity lies in genomic heterogeneity research.

According to the biological behavior of bladder cancer, it can be divided into muscle-invasive bladder cancer (MIBC) and non-muscle invasive bladder cancer (NMIBC). Studies have shown that there is a mutation of Ha-ras/FGFR3 gene in NMIBC, and activation of the mouse Ha-ras gene can induce NMIBC, which is rare in MIBC. Inactivation of the p53/Rb/PTEN gene is more likely happen in MIBC. Activation of the uroplakin II-specific urothelial-specific promoter in transgenic mice demonstrated the expression of SV40T antigen in the urothelium which can inactivate p53 and pRb, thereby induces the invasion of tumor and metastasis of bladder cancer. Inactivation of p53/Rb/PTEN is less common in non-muscle invasive bladder cancer (24, 25). These findings suggest that the genomic heterogeneity (mutation and expression profile) between MIBC and NMIBC is likely to be significantly different in the biological behavior of the two bladder cancers.

Tumor heterogeneity can also exhibit as heterogeneity at the stage of tumor development. The infinite proliferation of cells is one of the main features of malignant tumors, and this characteristic requires de novo synthesis of telomeres by telomerase to prolong the loss of telomere ends in each round of DNA replication. Wu et al. performed whole genome and transcriptome sequencings of 97 bladder cancer patients and found that the telomere reverse transcriptase gene TERT is highly expressed in invasive and advanced bladder cancer patients as compared to the early and non-invasive bladder cancer patients. This group of patients has a higher mutation rate of the TERT promoter (26). This study showed a significant difference in the TERT promoter expression level and the mutation rate between early non-invasive and advanced invasive cancerous cells in bladder cancer.

Bladder cancer tumors have different biological characteristics of the tumor cells subsets, and there are certain differences in gene expression profiles among different cell subpopulations, which is well-described by the heterogeneity within the tumor. The most representative of intratumoral heterogeneity is the presence of a subset of tumor cells with different molecular markers in the bladder cancer. For instance, bladder cancer cells can be divided into common bladder cancer cells and bladder cancer stem cells, with a significant difference in genetic mutations at the latter. Li et al. extracted the single cell genomes of bladder cancer stem cells (BCSCs) and non-bladder cancer stem cells (non-BCSCs) for PCR amplification, and analyzed data from 20 cells. The single cell mutation rate of the TERT gene promoter C228T was found to be 50% higher in BCSCs and lower in non-BCSCs (27). There are two main hypotheses of the formation mechanism of malignant tumors heterogeneity in bladder cancer: clonal evolution hypothesis and cancer stem cell hypothesis (28, 29). The clonal evolution hypothesis was proposed by Nowell in 1976 which hypothesize that tumor cells originate from the first generation of single mutant cells. Thus, all tumor cell genomes are identical to the genome of the single cell, but complex factors such as mutations and environmental influences are involved in the proliferation and evolution process. Therefore, the subsequent formation of tumor cells is gradually varied in term of genotypes and phenotypes and eventually result in the tumor heterogeneity. Cancer stem cells are a research hot topic in molecular biology of tumor in recent years. The cancer stem cell hypothesis states that tumor cells are derived from cancer stem cells. Due to the multi-directional differentiation potential of tumor stem cells, various tumor cells proliferate and differentiate to produce subpopulation with different phenotypic functions and thus result in tumor heterogeneity. Kreso et al. found that the mutated genes of tumor cells in the same colorectal cancer case remained unchanged after continuous multiple implantations, but there were significant differences in phenotypes such as proliferative capacity and drug resistance (30). However, this hypothesis does not explain why there are differences in the genome of tumor cells of the same tumor type between different individuals.

Tumor heterogeneity is the result of genetic and environmental interactions. Although the current hypothesis does not completely reveal the cause of tumor heterogeneity, it offers research direction for tumor heterogeneity to some extent.



Epigenetic and Bladder Cancer Genome


Telomerase Reverse Transcriptase

Telomerase is a ribonucleoprotein that is essential for the replication of most eukaryotic chromosome ends. In cancer cells, telomerase can be activated. In contrast, telomerase is epigenetically silenced and inactivated in normal cells (31). However, mutations of important genes can reverse telomerase silencings, such as tumor suppressor genes or mutations in the tumor suppressor pathway signaling molecules that may affect telomerase activity in human tumors (32). Telomerase consists of two subunits: telomerase RNA component (TERC) and telomerase reverse transcriptase tert (TERT) catalytic subunit. The TERT gene encodes a telomerase reverse transcriptase catalytic subunit and assembles into a ribonucleoprotein protease complex to maintain telomere length which plays an important role in the maintenance of tumor genome stability (33). In recent years, TERT promoter mutations have been found in malignant tumors such as melanoma (34) and glioma (35). Studies have shown that the TERT promoter mutation is highly correlated with the prognosis of transitional cell carcinoma and confirmed that the −124 C > T mutation (corresponding to C228T) is associated with high expression of TERT and telomerase activity (36).

Wu et al. found a coexistence relationship between the TERT promoter mutation point and the TC53/RB1 inert somatic mutation point. By determining the chromosomal instability index, it was found that the tumor chromosomal instability index of the TERT promoter mutation was significantly higher than that of the tumor without the TERT promoter mutation (26). TP53 is involved in the regulation of telomerase activity, maintenance of gene integrity, inert mutations, and its deletion is associated with chromosomal instability. These studies suggest that the coexistence of the two may have a synergistic effect on the chromosomal instability of bladder cancer (37).

Studies have found that the C228T mutation of the TERT promoter often occurs in BCSCs (27). Compared with non-BCSCs, C228T has a significantly higher mutation rate in BCSCs which is consistent with the phenomenon of high C228T expression in stem cells compared to normal somatic cells. Importantly, the TERT promoter C228T mutation can convert normal bladder stem cells (NBSCs) into tumor-initiating cells. This mutation is located at the promoter region and can lead to tumors formation which can be considered as tumor promoters. It can be seen that the high mutation rate of TERT promoter in BCSCs is a new feature of bladder cancer, but the transformation of NBSCs mutation into BCSCs is complex and further research is needed.

Telomerase activity is observed in almost all human tumor types, thus monitoring the tumor’s telomerase activity will greatly contribute to the diagnosis and screening of bladder cancer. Wu et al. screened for the presence of telomerase reverse transcriptase gene promoter somatic cell mutations by Sanger sequencing in 302 patients with different urological tumors. The result showed that 43% of genitourinary tumors had TERT promoter somatic mutations. This has determined high-frequency mutation hotspot of the telomerase reverse transcriptase gene promoter in clinical urogenital (26). In different types of urological organ tumors, the amplitude of somatic mutation of the TERT promoter was larger (0-63.7%). The urinary tract cancer has the highest mutation frequency among all, while the prostate cancer showed no mutation.



Chromatin Remodeling

Chromatin remodeling is an important regulatory mechanism of epigenetics, which is characterized by changes in the nucleosome structure and its relative position to the DNA sequence, and alteration of the accessibility of gene promoter region sequences to further regulate gene expression. Chromatin remodeling works primarily through two pathways: ATP-dependent chromatin remodeling complex, the SWl/SNF complex; histone-modifying enzymes including histone methylation, acetylation, phosphorylation, and ubiquitination (38). Recent studies have found that chromatin remodeling related genes have high-frequency mutations in a variety of tumors including bladder cancer, kidney cancer, gastric cancer, ovarian clear cell carcinoma, breast cancer and glioblastoma (38). Mutations in chromatin remodeling-related genes can cause epigenetic changes in local histone modifications and chromatin conformation in cancer cells, leading to dysregulation of downstream signaling genes, changes in biological behavior such as cell proliferation and apoptosis, leading to tumor development (39).

Gui et al. performed full exon sequencing on 9 patients with transitional cell carcinoma and has found 8 frequently mutated chromatin remodeling genes in 59% of transitional cell bladder cancer: UTX, MLL-MLL3, CREBBP-EP300, NCOR1, ARID1A and CHD6 (40). UTX has a number of significantly enriched mutations including 11 nonsense mutations, 4 frameshift mutations, and 1 splice site change. One of these mutations was predicted to be able to truncate the JmjC domain, which is critical for the demethylase activity of the protein product. ARID1A has the same mutation pattern as UTX. In addition, mutations in the above genes have also been found in other malignant tumors such as ovarian cancer and renal cancer (41, 42). The study found that STAG2 is located on the X chromosome, encoding sister chromatid cohesion and segregation (SCCS) adhesion complex components, regulating the separation of sister chromosomes during cell division, and inactivation of STAG2 can cause weakening of chromosome binding and thus aneuploidy (43). Via gene sequencing and rigorous bioinformatics analysis, Guo et al. have found that STAG2, ESPL1 and NIPBL genes with frequent mutations in bladder cancer are involved in the SCCS process (44). The study further revealed that patients with mutant STAG2 had a higher frequency of chromosomal aneuploidy by detecting copy number changes in the chromosome arm, and significantly worse in the prognosis of STAG2 gene somatic cell mutation in bladder cancer patients compared with STAG2 bladder cancer patients without the mutation. Collectively, in SCCS, other types of tumors only report rare or low-frequency mutations in oncogenes. Bladder cancer is a tumor type that is first known to have a high-frequency genetic damage gene in the SCCS process in which the genetic mutation rate is approximately 32%. The genetic changes affect the SCCS process which may involve the development of bladder cancer. Despite the detailed mechanism of STAG2 leading to the pathogenesis of transitional cell carcinoma is still not known, the high-frequency recurrent mutant gene is indeed a new pathway associated with transitional cell carcinoma in the SCCS process of transitional cell bladder cancer (45).




Oncogene Sequencing Method and Strategy

The traditional sequencing method is Sanger sequencing. However, this method has the disadvantage of low sensitivity and it is difficult to obtain all genomic information, and high cost but low output which limits the application of Sanger sequencing in large-scale sequencing. High-throughput sequencing, the second-generation sequencing technology (also known as next-generation sequencing, deep sequencing) can simultaneously sequence a large number of genes, making it possible to accurately detect tumor and transcriptome abnormalities in tumor patients (46–48). This method can detect tumor genomic abnormalities including nucleotide substitution, insertion and deletion, copy number alteration and chromosome recombination, and improve the detection efficiency and resolution of the genome. As a next-generation sequencing technology, high-throughput sequencing has unparalleled advantages over the traditional sequencing methods. First, high-throughput sequencing can perform large-scale parallel sequencing of a large number of genes, resulting in a remarkable increase in gene detection efficiency. Second, high-throughput sequencing detects the number of occurrences of a certain gene in a sample can reflect the expression level of the gene to some extent. Finally, high-throughput sequencing is more economical than traditional large-scale gene sequencing.


Whole Genome Sequencing

Whole genome sequencing is the sequencing of the entire genome of tumor tissue with the DNA sequence of the germ cells from the same patient (tumor cell mutation is not present in the germ cells) as a control can effectively identify the changes in all regions including nucleotide replacement, structural rearrangement, and copy number changes (49). Therefore, whole genome sequencing is the most comprehensive depiction of the tumor genome, suitable for the study of tumor genome-wide association. However, whole genome sequencing requires the detection of a large number of sequences is redundant for studies that do not require the whole genome. In this case, shotgun sequencing based on the Sanger sequencing principle is more suitable for identifying somatic cell rearrangements and copy number changes in the genome.

Sanger sequencing is the gold standard for current gene sequencing. Wu et al. performed Sanger sequencing to sequence 302 different urinary tumor patients and found a high-frequency mutation hotspot of TERT promoter in urinary tumor patients wherein TERT promoter somatic mutation in 55.6% of bladder cancer (26). Guo et al. performed genome-wide sequencing of 99 tumors and corresponding peripheral blood samples from patients with transitional cell carcinoma by Sanger sequencing. SCCS-related gene mutations such as STAG2 and ESPL1 were confirmed from 11240 candidate somatic mutations. Moreover, mutant genes such as FGFR3, TP53, PIK3CA, and RB1 are ubiquitous in malignant tumors (44). Second-generation sequencing invention has received extensive attention at the beginning compared to Sanger sequencing. Andrea et al. recruited 50 patients with muscle-invasive bladder cancer and performed whole-exome sequencing on germline and pretreatment tumor DNA. Then these patients were treated with neoadjuvant cisplatin-based chemotherapy and underwent surgery to evaluate the pathologic response. They identified ERCC2, one nucleotide excision repair gene, was only significantly mutated in responders compared with nonresponders (50). David et al. investigated the correlation of ERCC2 with pathologic response to neoadjuvant cisplatin-based chemotherapy in an independent validation patient cohort, and they confirmed that ERCC2 was indeed associated with response to chemotherapy (51). Desai et al. used the second-generation sequencing technology to map the mutations of primary and recurrent transitional cell bladder cancer. By comparing the differential expression of tumor-associated DNA damage response genes, they also found that especially ERCC2 mutations indicate a better prognosis of chemoradiotherapy for transitional cell bladder cancer and a lower rate of recurrence and metastasis within 2 years (52).



Exon Sequencing

Exon sequencing is a method of capturing whole genome exon DNA by using targeted sequence capture technology to enrich the construction of DNA library before performing high-throughput sequencing. It is characterized by sequencing of the open reading frame without sequencing the introns. Since exons account for only 2% of the entire genome, high-throughput sequencing of the targeted exon greatly reduces the amount of sequencing and achieves higher efficiency. Due to its deep sequencing of the coding region, it can be used to screen for mutations that Sanger sequencing could not. In addition, it is suitable for the study of single nucleotide polymorphism (SNP) and insertion-deletion (InDel) of the target gene. Longo et al. used targeted exon sequencing to detect 50 cases of patients with pTis-pT4b bladder cancer. Through the analysis of staged somatic mutations in patients with such high-risk bladder cancer, the mutated genes and mutation profiles were determined. In terms of single mutations, it was found that epigenetic and cell cycle-regulated genes have significantly higher mutation rates. PI3K/mTOR and cell cycle/DNA repair showed the highest mutation rate among the other assessed pathways. Moreover, RB1 and TP53 mutations were found to frequently coexist with NF1 and PIK3CA mutations (53).

However, exon sequencing also has certain limitations. It is unable to sequence non-coding genes and thus fail to conduct a comprehensive study of intron-regulated genes associated with the target gene, and also impossible to identify copies.



Single Cell Sequencing

In the past, genome sequencing was the extraction of DNA from many cells or a piece of tissue. It is inevitable that sequencing results are obtained from many cell genomes. However, tumors are heterogeneous and the genomic information of different subtypes is more or less different. Investigation of the total DNA information extracted from different cell populations will inevitably cause researchers to ignore the differences between cells to varying degrees and further bias the study of the target cell genome (54, 55). Single cell sequencing is the sequencing of genomes from a single cell. The process involves the isolation of single cells and extraction of DNA followed by single-cell genomic amplification and sequencing analysis. This will prevent the influence of other cell genomes on the sequencing results of the target cells and thus accurately measure the copy number of a single nuclear gene (56).

Bladder cancer is a solid tumor with significant heterogeneity, and the process of research needs to be careful to prevent bias resulted by other cells. In order to study TERT promoter mutations in the bladder cancer, Li et al. had isolated the single cells of BCSCs, non-BCSCs, NBBCs, and non-NBBCs and extracted their genomes for single-cell gene amplification and sequencing. The high-frequency mutation sites of C228T were found in the TERT promoters of BCSCs and non-BCSCs, and the effect of C228T mutation on bladder cancer and BCSCs was investigated (27). In order to study the genetic basis and origin of bladder cancer stem cells, Yang et al. had performed single-cell sequencing on 59 single cells including bladder cancer stem cells (BCSCs), bladder cancer non-stem cells (BCNSCs), bladder epithelial stem cells (BESCs), and normal bladder epithelial cells. It was found that BCSCs showed clonal homogeneity, and phylogenetic analysis indicated that BCSCs were derived from BESCs or BCNSCs. This study has confirmed that 21 abnormal key genes in BSCSs wherein 6 of which were not reported in bladder cancer in the past, which fully demonstrated the accuracy of single-cell sequencing (57). Faridani et al. demonstrated that microRNAs as the potential markers of different cell types and cell status by performing single-cell sequencing of the small-RNA transcriptome on human embryonic cells and tumor cells (58).



Transcriptome Sequencing

The transcriptome sequencing is a technique to sequence the transcript RNA, which is a sequence of cDNA that is reverse transcribed from mRNA, total RNA or other RNAs (e.g., small RNAs) to obtain the sum of RNA in a state of the cell. It was found to be sensitive and effective for intron fusion including oncogene activation caused by in-frame fusion. Kekeeva et al. performed high-throughput transcriptome sequencing on bladder cancer patients and screened 4 fusion introns in bladder cancer from 819 suspected fusion introns such as SEPT9/CYHR, IGF1R/TTC23, SYT8/TNNI2 and CASZ1/DFFA (59). Transcriptome sequencing can analyze gene expression profiles to reveal differentially expressed genes in tumors. Based on the transcriptome sequencing data, Zhang et al. confirmed the differential gene expressions of several bladder cancers through the comparison of bladder cancer and normal tissue transcriptome, in which ELF3 and MYBL2 are the tumor suppressors while MEG3, APEX1, and EZH2 are the inducer of bladder cancer progression (60). In addition, transcriptome sequencing can also be applied to detect somatic mutations, but it is difficult to find a matching normal sample control which limits the application in this aspect. Liu et al. performed transcriptome sequencing of transitional cell carcinoma and identified 937 differentially expressed genes (61).

It is well known that miRNAs can form RNA silencing-inducing complexes to inhibit translation of target mRNAs which is an important mechanism for gene expression regulation. Studies have shown that miRNAs also play an important role in tumor pathogenesis (62). Therefore, transcriptome sequencing technology has broad application prospects in detecting the abnormal miRNA expression in tumors.




Bladder Cancer Genomics and Precision Treatment

The traditional treatment strategy for bladder cancer is to formulate treatment plans according to grading and staging: early surgical treatment, middle and late stage surgery and perioperative radiotherapy and chemotherapy. However, the efficacy of treatment especially chemotherapy varies greatly in patients with the same type, grade, and stage of histology. It shows that there is still a considerable difference in the real situation of the patients with the same diagnosis. Since the differential sensitivity to chemotherapy in different patients, blind implementation of gold-standard chemotherapy is very likely to delay the treatment of chemotherapy-resistant patients. In response to the above problems, some researchers have proposed a strategy for precision medicine.

The essence of precise treatment of bladder cancer lies in the in-depth explanation of the molecular pathogenesis of bladder cancer. This is demonstrated on a more detailed molecular typing based on genome studies of bladder cancer. In addition, deletions of multiple tumor suppressor genes such as CDKN2A and RB, and amplification of oncogenes such as E2F3, SOX4, EGFR, and CCND1 were also identified. By further analyzing the mRNA and protein expression levels of the gene, bladder cancer is classified into 4 types. Type I and type II have the characteristics of breast cancer-like cells namely in which ERBB2 is highly expressed and estrogen receptor 2 (ESR2) pathway is activated. The difference is that type I mutations with fibroblast growth factor receptor 3 (FGFR3) and papillary histological phenotype III have similar characteristics of basal-like breast cancer cells, with the gene expression profile of squamous cells and stem cells, such as epidermal growth factor receptor (EGFR) and increased expression of keratin 5, 6A and 14 and the like. Type IV is between type II and type III (32). This gene expression-based typing provides a scientific basis for the new molecular typing of bladder cancer. However, the relationship between molecular typing and clinical efficacy and prognosis still needs further exploration.

Genomics research can explore the genes involved in disease recurrence, prognosis, and drug sensitivity to effectively predict and evaluate the efficacy of chemotherapy for bladder cancer. Choi et al. had classified bladder cancer into three types by clustering the gene expression profiles of 183 cases of bladder cancer (6). Among them, luminal- and basal-like cells are same as the type I and type III of the TCGA type. The difference is that bladder cancer caused by luminal-like cells with wild type p53 and its activation of the signaling pathway is divided into a new category, known as the p53-like type. Combined with clinical prognosis and efficacy analysis, the luminal type has the best prognosis and is sensitive to neoadjuvant chemotherapy while basal type has the worst prognosis, about 60% of patients are not sensitive to neoadjuvant chemotherapy. The prognosis of p53-like type is between the two aforementioned, but almost insensitive to neoadjuvant chemotherapy. Choi’s research provides a promising reference for the development of chemotherapy for bladder cancer (63). Roland et al. used a single-sample genomic subtyping classifier (GSC) to predict four consensus subtypes: luminal, luminal-infiltrated, basal, and claudin-low. They validated the clinical impact of these consensus subtypes in independent neoadjuvant chemotherapy (NAC) and non-NAC datasets. Luminal tumors showed the best overall survival (OS) with and without NAC. Luminal-infiltrated tumors were associated with poor prognosis with and without NAC. Compared with surgery alone, basal tumors had the most improved OS with NAC. Claudin-low tumors had poor OS regardless of treatment regimen (64). Despite the current lacking of well-defined predictive genetic markers in bladder cancer, above studies provide a clear research direction for precise treatment.

In addition, bladder cancer genomics can reveal the molecular mechanisms involved in the development and progression of bladder cancer and provide new molecular targets for the treatment of bladder cancer. To date, targeted therapy has achieved outstanding results in a variety of cancer treatments, such as gefitinib targeted therapy in treating lung cancer. However, bladder cancer targeted therapy is still at the early stage of clinical research, thus targeted therapy is not the option in guideline treatment recommendations for bladder cancer. At the present, some high-frequency abnormalities of bladder cancer that have been discovered and identified by genomics may become potential therapeutic targets. This includes signaling pathways such as EGFR, P13K/mTOR, HER-2 and FGFR3. Notably, the Food and Drug Administration recently approved erdafitinib as a treatment for patients with advanced urothelial cancer (UC) with FGFR3/2 mutations, who progressed on platinum-based chemotherapy. Clinical trials showed the overall response rate of erdafitinib was 49% in patients with FGFR3 mutations (65, 66). Secondly, it is immunotherapy such as PD-1, and CTLA4. PD-1/PD-L1 immunotherapy can enhance the body’s immune response to kill tumors and is effective for a variety of tumors including bladder cancer, lung cancer, stomach cancer, and kidney cancer. The US Food and Drug Administration (FDA) has approved this therapy for bladder cancer. Interestingly, bladder cancer has many tumor mutation burden (TMB). By analyzing the 443 bladder cancer samples from TCGA, single nucleotide polymorphism (SNP) and C>T were the most frequent mutation types, and significant differences in tumor immune microenvironment were observed between the low TMB group and the high TMB group, including Mast cells resting, NK cells resting, T cells CD4 memory activated and T cells CD8, which makes it sensitive to immunotherapy (67). However, some patients is resistant to PD-1/PD-L1 immunotherapy, partially because TGF-β in fibroblasts reduces anti-tumor immunity by inhibiting CD8+ T cell infiltration into the tumor parenchyma (68).Fortunately, a personalized neoantigen-based vaccine, NEO-PV-01, was designed by whole exome and RNA sequencing of each patient’s formalin-fixed tumor and matched normal cells from blood, and it consisted of high-quality neoepitopes encoded by somatic mutations and selected using bioinformatics algorithms. The clinical trial showed NEO-PV-01 in combination with PD-1 blockade was a safe and effective treatment to patients with bladder cancer by inducing T cells to traffic to the tumor and mediate cell killing (69). The third is cell cycle regulatory molecules, such as Aurora kinase A and Polo-like kinase I (3). The fourth is the antibody-drug conjugate (ADC), for example, enfortumab vedotin comprises an anti nectin-4 monoclonal antibody, protease cleavable linker and monomethyl auristatin E (MMAE). Because nectin-4 is highly expressed in all metastatic UC tumors, once the bonded enfortumab vedotin is internalized, the microtubule-disrupting agent MMAE is released leading to apoptosis of the tumor cell. Clinical trials demonstrated enfortumab vedotin is a new therapeutic method in patients with platinum- and immune checkpoint inhibitor-refractory disease (70, 71).



Conclusion and Prospect

As shown Table 1, many genes are involved bladder cancer progression and metastasis, such as FGFR3, TP53, EGFR, HRAS and Ki67 (72–74), as well as HER2, TSC1, and ERCC1 which are the genes associated with bladder cancer. Among them, HER2 could be the potential therapeutic target, and ERCC1 is involved in the drug resistance of cisplatin and other chemotherapeutic drugs. Low expression of ERCC1 has a longer survival period. BRCA1 has DNA repair function and reduces the effect of chemotherapy drugs (12, 75, 76). However, the current molecular markers that predict the prognosis and chemotherapy efficacy of bladder cancer patients are still at premature stages. Genetic markers that can accurately predict the therapeutic effect of bladder cancer is yet to found. In the future, intensive studies are needed to define the precisive molecular characterization of bladder cancer (77). Genomics is an effective tool for studying the molecular pathology of bladder cancer. It is believed that with advances in sequencing technology, genomics may bring more help to the targeted therapy of bladder cancer (78).


Table 1 | Common gene alterations in bladder cancer.





Author Contributions

JZ and CL designed and supervised the review. YL and LS searched literature and wrote the manuscript. XG and NM reviewed of the manuscript. All authors contributed to the article and approved the submitted version.



Funding

The authors disclosed receipt of the following financial support for the research, authorship, and/or publication of this article: This work was supported by the National Natural Science Foundation of China (81672956, 81972390, 82002566), Beijing Science and Technology Projects (Z181100003818003), Beijing-Tianjin-Hebei Basic Research Cooperation Special Project (19JCZDJC65800(Z)), China Children and Teenagers’ Fund (Y1803001), and Key Clinical Projects of Peking University Third Hospital (BYSY2017001).



References

1. Tran, L, Xiao, JF, Neeraj Agarwal, N, Duex, JE, and Theodorescu, D. Advances in Bladder Cancer Biology and Therapy. Nat Rev Cancer (2021) 21(2):104–21. doi: 10.1038/s41568-020-00313-1

2. Cao, Y, Tian, T, Li, W, Xu, H, Zhan, C, Wu, X, et al. Long non-Coding RNA in Bladder Cancer. Clinica Chimica Acta (2020) 503:113–21. doi: 10.1016/j.cca.2020.01.008

3. Porten, SP. Epigenetic Alterations in Bladder Cancer. Curr Urol Rep (2018) 19(12):102. doi: 10.1007/s11934-018-0861-5

4. Knowles, MA, and Hurst, CD. Molecular Biology of Bladder Cancer: New Insights Into Pathogenesis and Clinical Diversity. Nat Rev Cancer (2015) 15(1):25–41. doi: 10.1038/nrc3817

5. Cai, Z, Zhang, F, Chen, W, Zhang, J, and Li, H. miRNAs: A Promising Target in the Chemoresistance of Bladder Cancer. OncoTargets Ther (2019) 12:11805–16. doi: 10.2147/OTT.S231489

6. Al-Ahmadie, H, and Netto, GJ. Updates on the Genomics of Bladder Cancer and Novel Molecular Taxonomy. Adv Anatomic Pathol (2020) 27(1):36–43. doi: 10.1097/PAP.0000000000000252

7. Stratton, MR. Exploring the Genomes of Cancer Cells: Progress and Promise. Science (2011) 331(6024):1553–8. doi: 10.1126/science.1204040

8. Garraway, LA, and Lander, ES. Lessons From the Cancer Genome. Cell (2013) 153(1):17–37. doi: 10.1016/j.cell.2013.03.002

9. Pleasance, ED, Cheetham, RK, Stephens, PJ, McBride, DJ, Humphray, SJ, Greenman, CD, et al. A Comprehensive Catalogue of Somatic Mutations From a Human Cancer Genome. Nature (2010) 463(7278):191–6. doi: 10.1038/nature08658

10. Soria, F, Moschini, M, Haitel, A, Wirth, GJ, Gust, KM, Briganti, A, et al. The Effect of HER2 Status on Oncological Outcomes of Patients With Invasive Bladder Cancer. Urologic Oncol (2016) 34(12):533.e531–533.e510. doi: 10.1016/j.urolonc.2016.07.006

11. Hayashi, T, Seiler, R, Oo, HZ, Jäger, W, Moskalev, I, Awrey, S, et al. Targeting HER2 With T-DM1, an Antibody Cytotoxic Drug Conjugate, is Effective in HER2 Over Expressing Bladder Cancer. J Urol (2015) 194(4):1120–31. doi: 10.1016/j.juro.2015.05.087

12. Tschui, J, Vassella, E, Bandi, N, Baumgartner, U, Genitsch, V, Rotzer, D, et al. Morphological and Molecular Characteristics of HER2 Amplified Urothelial Bladder Cancer. Virchows Archiv an Int J Pathol (2015) 466(6):703–10. doi: 10.1007/s00428-015-1729-4

13. Weinstein, JN, Akbani, R, Broom, BM, Lerner, SP, Creighton, CJ, Kim, J, et al. Comprehensive Molecular Characterization of Urothelial Bladder Carcinoma. Nature (2014) 507(7492):315–22. doi: 10.1038/nature12965

14. Robertson, AG, Kim, J, Al-Ahmadie, H, Bellmunt, J, Guo, G, Cherniack, AD, et al. Comprehensive Molecular Characterization of Muscle Invasive Bladder Cancer. Cell (2017) 171(3):540–556.e25. doi: 10.1016/j.cell.2017.09.007

15. Xu, ZC, Cai, HZ, Li, X, Xu, WZ, Xu, T, Yu, B, et al. ERCC1 C118T Polymorphism has Predictive Value for Platinum-Based Chemotherapy in Patients With Late-Stage Bladder Cancer. Genet Mol Res GMR (2016) 15(2):1–9. doi: 10.4238/gmr.15027801

16. Lee, SJ, Lim, JH, Choi, YH, Kim, WJ, and Moon, SK. Interleukin-28A Triggers Wound Healing Migration of Bladder Cancer Cells Via NF-kappaB-mediated MMP-9 Expression Inducing the MAPK Pathway. Cell Signal (2012) 24(9):1734–42. doi: 10.1016/j.cellsig.2012.04.013

17. Lin, J, Wang, J, Greisinger, AJ, Grossman, HB, Forman, MR, Dinney, CP, et al. Energy Balance, the PI3K-AKT-mTOR Pathway Genes, and the Risk of Bladder Cancer. Cancer Prev Res (2010) 3(4):505–17. doi: 10.1158/1940-6207.CAPR-09-0263

18. Shin, K, Lim, A, Zhao, C, Sahoo, D, Pan, Y, Spiekerkoetter, E, et al. Hedgehog Signaling Restrains Bladder Cancer Progression by Eliciting Stromal Production of Urothelial Differentiation Factors. Cancer Cell (2014) 26(4):521–33. doi: 10.1016/j.ccell.2014.09.001

19. Forster, JA, Paul, AB, Harnden, P, and Knowles, MA. Expression of NRG1 and its Receptors in Human Bladder Cancer. Br J Cancer (2011) 104(7):1135–43. doi: 10.1038/bjc.2011.39

20. Sjodahl, G, Lauss, M, Gudjonsson, S, Liedberg, F, Halldén, C, Chebil, G, et al. A Systematic Study of Gene Mutations in Urothelial Carcinoma; Inactivating Mutations in TSC2 and PIK3R1. PloS One (2011) 6(4):e18583. doi: 10.1371/journal.pone.0018583

21. Bartoletti, R, Cai, T, Nesi, G, Nesi, G, Girardi, LR, Baroni, G, et al. Loss of P16 Expression and Chromosome 9p21 LOH in Predicting Outcome of Patients Affected by Superficial Bladder Cancer. J Surg Res (2007) 143(2):422–7. doi: 10.1016/j.jss.2007.01.012

22. Kruger, S, Mess, F, Bohle, A, and Feller, AC. Numerical Aberrations of Chromosome 17 and the 9p21 Locus are Independent Predictors of Tumor Recurrence in non-Invasive Transitional Cell Carcinoma of the Urinary Bladder. Int J Oncol (2003) 23(1):41–8. doi: 10.3892/ijo.23.1.41

23. Almendro, V, Marusyk, A, and Polyak, K. Cellular Heterogeneity and Molecular Evolution in Cancer. Annu Rev Pathol (2013) 8:277–302. doi: 10.1146/annurev-pathol-020712-163923

24. Cordon-Cardo, C. Molecular Alterations Associated With Bladder Cancer Initiation and Progression. Scand J Urol Nephrol Supplementum (2008) 218):154–65. doi: 10.1080/03008880802291915

25. Zhang, ZT, Pak, J, Huang, HY, Shapiro, E, Sun, TT, Pellicer, A, et al. Role of Ha-ras Activation in Superficial Papillary Pathway of Urothelial Tumor Formation. Oncogene (2001) 20(16):1973–80. doi: 10.1038/sj.onc.1204315

26. Wu, S, Huang, P, Li, C, Huang, Y, Li, X, Wang, Y, et al. Telomerase Reverse Transcriptase Gene Promoter Mutations Help Discern the Origin of Urogenital Tumors: A Genomic and Molecular Study. Eur Urol (2014) 65(2):274–7. doi: 10.1016/j.eururo.2013.10.038

27. Li, C, Wu, S, Wang, H, Bi, X, Yang, Z, Du, Y, et al. The C228T Mutation of TERT Promoter Frequently Occurs in Bladder Cancer Stem Cells and Contributes to Tumorigenesis of Bladder Cancer. Oncotarget (2015) 6(23):19542–51. doi: 10.18632/oncotarget.4295

28. Marusyk, A, and Polyak, K. Tumor Heterogeneity: Causes and Consequences. Biochim Biophys Acta (2010) 1805(1):105–17. doi: 10.1016/j.bbcan.2009.11.002

29. Pietras, A. Cancer Stem Cells in Tumor Heterogeneity. Adv Cancer Res (2011) 112:255–81. doi: 10.1016/B978-0-12-387688-1.00009-0

30. Kreso, A, O’brien, CA, Galen, VP, Gan, OI, Notta, F, Brown, AMK, et al. Variable Clonal Repopulation Dynamics Influence Chemotherapy Response in Colorectal Cancer. Science (2013) 339(6119):543–8. doi: 10.1126/science.1227670

31. Lingner, J, Hughes, TR, Shevchenko, A, Mann, M, Lundblad, V, Cech, TR, et al. Reverse Transcriptase Motifs in the Catalytic Subunit of Telomerase. Science (1997) 276(5312):561–7. doi: 10.1126/science.276.5312.561

32. Lin, SY, and Elledge, SJ. Multiple Tumor Suppressor Pathways Negatively Regulate Telomerase. Cell (2003) 113(7):881–9. doi: 10.1016/S0092-8674(03)00430-6

33. Artandi, SE, and Depinho, RA. Telomeres and Telomerase in Cancer. Carcinogenesis (2010) 31(1):9–18. doi: 10.1093/carcin/bgp268

34. Huang, FW, Hodis, E, Xu, MJ, Kryukov, GV, Chin, L, and Garraway, LA. Highly Recurrent TERT Promoter Mutations in Human Melanoma. Science (2013) 339(6122):957–9. doi: 10.1126/science.1229259

35. Killela, PJ, Reitman, ZJ, Jiao, Y, Bettegowda, C, Agrawal, N, Diaz, LA Jr, et al. TERT Promoter Mutations Occur Frequently in Gliomas and a Subset of Tumors Derived From Cells With Low Rates of Self-Renewal. Proc Natl Acad Sci USA (2013) 110(15):6021–6. doi: 10.1073/pnas.1303607110

36. Borah, S, Xi, L, Zaug, AJ, Powell, NM, Dancik, GM, Cohen, SB, et al. Cancer. TERT Promoter Mutations and Telomerase Reactivation in Urothelial Cancer. Science (2015) 347(6225):1006–10. doi: 10.1126/science.1260200

37. Veronese, L, Tournilhac, O, Callanan, M, Prie, N, Kwiatkowski, F, Combes, P, et al. Telomeres and Chromosomal Instability in Chronic Lymphocytic Leukemia. Leukemia (2013) 27(2):490–3. doi: 10.1038/leu.2012.194

38. Ho, L, and Crabtree, GR. Chromatin Remodelling During Development. Nature (2010) 463(7280):474–84. doi: 10.1038/nature08911

39. Chi, P, Allis, CD, and Wang, GG. Covalent Histone Modifications–Miswritten, Misinterpreted and Mis-Erased in Human Cancers. Nat Rev Cancer (2010) 10(7):457–69. doi: 10.1038/nrc2876

40. Gui, Y, Guo, G, Huang, Y, Hu, X, Tang, A, Gao, S, et al. Frequent Mutations of Chromatin Remodeling Genes in Transitional Cell Carcinoma of the Bladder. Nat Genet (2011) 43(9):875–8. doi: 10.1038/ng.907

41. Wiegand, KC, Shah, SP, Al-Agha, OM, Zhao, Y, Tse, K, Zeng, T, et al. ARID1A Mutations in Endometriosis-Associated Ovarian Carcinomas. New Engl J Med (2010) 363(16):1532–43. doi: 10.1056/NEJMoa1008433

42. Dalgliesh, GL, Furge, K, Greenman, C, Chen, L, Bignell, G, Butler, A, et al. Systematic Sequencing of Renal Carcinoma Reveals Inactivation of Histone Modifying Genes. Nature (2010) 463(7279):360–3. doi: 10.1038/nature08672

43. Solomon, DA, Kim, T, Diaz-Martinez, LA, Fair, J, Elkahloun, AG, Harris, BT, et al. Mutational Inactivation of STAG2 Causes Aneuploidy in Human Cancer. Science (2011) 333(6045):1039–43. doi: 10.1126/science.1203619

44. Guo, G, Sun, X, Chen, C, Wu, S, Huang, P, Li, Z, et al. Whole-Genome and Whole-Exome Sequencing of Bladder Cancer Identifies Frequent Alterations in Genes Involved in Sister Chromatid Cohesion and Segregation. Nat Genet (2013) 45(12):1459–63. doi: 10.1038/ng.2798

45. Lawrence, MS, Stojanov, P, Polak, P, Kryukov, GV, Cibulskis, K, Sivachenko, A, et al. Mutational Heterogeneity in Cancer and the Search for New Cancer-Associated Genes. Nature (2013) 499(7457):214–8. doi: 10.1038/nature12213

46. Margulies, M, Egholm, M, Altman, WE, Attiya, S, Bader, JS, Bemben, LA, et al. Genome Sequencing in Microfabricated High-Density Picolitre Reactors. Nature (2005) 437(7057):376–80. doi: 10.1038/nature03959

47. Schuster, SC. Next-Generation Sequencing Transforms Today’s Biology. Nat Methods (2008) 5(1):16–8. doi: 10.1038/nmeth1156

48. Meyerson, M, Gabriel, S, and Getz, G. Advances in Understanding Cancer Genomes Through Second-Generation Sequencing. Nat Rev Genet (2010) 11(10):685–96. doi: 10.1038/nrg2841

49. Weir, B, Zhao, X, and Meyerson, M. Somatic Alterations in the Human Cancer Genome. Cancer Cell (2004) 6(5):433–8. doi: 10.1016/j.ccr.2004.11.004

50. Van Allen, EM, Mouw, KW, Kim, P, Iyer, G, Wagle, N, Al-Ahmadie, H, et al. Somatic ERCC2 Mutations Correlate With Cisplatin Sensitivity in Muscle-Invasive Urothelial Carcinoma. Cancer Discovery (2014) 4(10):1140–53. doi: 10.1158/2159-8290.CD-14-0623

51. David, L, Plimack, ER, Censits, JH, Garraway, LA, Bellmunt, J, Allen, EV, et al. Clinical Validation of Chemotherapy Response Biomarker ERCC2 in Muscle-invasive Urothelial Bladder Carcinoma. JAMA Oncol (2016) 2(8):1094–6. doi: 10.1001/jamaoncol.2016.1056

52. Desai, NB, Scott, SN, Zabor, EC, Cha, EK, Hreiki, J, Sfakianos, JP, et al. Genomic Characterization of Response to Chemoradiation in Urothelial Bladder Cancer. Cancer (2016) 122(23):3715–23. doi: 10.1002/cncr.30219

53. Longo, T, Mcginley, KF, Freedman, JA, Etienne, W, Wu, Y, Sibley, A, et al. Targeted Exome Sequencing of the Cancer Genome in Patients With Very High-Risk Bladder Cancer. Eur Urol (2016) 70(5):714–7. doi: 10.1016/j.eururo.2016.07.049

54. Navin, N, Krasnitz, A, Rodgers, L, Cook, K, Meth, J, Kendall, J, et al. Inferring Tumor Progression From Genomic Heterogeneity. Genome Res (2010) 20(1):68–80. doi: 10.1101/gr.099622.109

55. The biology of genomes. Single-Cell Sequencing Tackles Basic and Biomedical Questions. Science (2012) 336(6084):976–7. doi: 10.1126/science.336.6084.976

56. Navin, N, Kendall, J, Troge, J, Andrews, P, Rodgers, L, McIndoo, J, et al. Tumour Evolution Inferred by Single-Cell Sequencing. Nature (2011) 472(7341):90–4. doi: 10.1038/nature09807

57. Yang, Z, Li, C, Liu, H, Liu, H, Zhang, X, Cai, Z, et al. Single-Cell Sequencing Reveals Variants in ARID1A, GPRC5A and MLL2 Driving Self-renewal of Human Bladder Cancer Stem Cells. Eur Urol (2017) 71(1):8–12. doi: 10.1016/j.eururo.2016.06.025

58. Faridani, OR, Abdullayev, I, Hagemann-Jensen, M, Schell, JP, Lanner, F, and Sandberg, R. Single-Cell Sequencing of the Small-RNA Transcriptome. Nat Biotechnol (2016) 34(12):1264–6. doi: 10.1038/nbt.3701

59. Kekeeva, T, Tanas, A, Kanygina, A, Alexeev, D, Shikeeva, A, Zavalishina, L, et al. Novel Fusion Transcripts in Bladder Cancer Identified by RNA-Seq. Cancer Lett (2016) 374(2):224–8. doi: 10.1016/j.canlet.2016.02.010

60. Zhang, M, Li, H, Zou, D, and Gao, J. Ruguo Key Genes and Tumor Driving Factors Identification of Bladder Cancer Based on the RNA-seq Profile. OncoTargets Ther (2016) 9:2717–23. doi: 10.2147/OTT.S92529

61. Liu, Y, Noon, AP, Aguiar Cabeza, E, Shen, J, Kuk, C, Ilczynski, C, et al. Next-Generation RNA Sequencing of Archival Formalin-Fixed Paraffin-Embedded Urothelial Bladder Cancer. Eur Urol (2014) 66(6):982–6. doi: 10.1016/j.eururo.2014.07.045

62. Mendell, JT, and Olson, EN. MicroRNAs in Stress Signaling and Human Disease. Cell (2012) 148(6):1172–87. doi: 10.1016/j.cell.2012.02.005

63. Kandoth, C, Mclellan, MD, Vandin, F, Ye, K, Niu, B, Lu, C, et al. Mutational Landscape and Significance Across 12 Major Cancer Types. Nature (2013) 502(7471):333–9. doi: 10.1038/nature12634

64. Seiler, R, Ashab, HAD, Erho, N, van Rhijn, BWG, Winters, B, Douglas, J, et al. Impact of Molecular Subtypes in Muscle-invasive Bladder Cancer on Predicting Response and Survival After Neoadjuvant Chemotherapy. Eur Urol (2017) 72(4):544–54. doi: 10.1016/j.eururo.2017.03.030

65. Casadei, C, Dizman, N, Schepisi, G, Cursano, MC, Basso, U, Santini, D, et al. Targeted Therapies for Advanced Bladder Cancer: New Strategies With FGFR Inhibitors. Ther Adv Med Oncol (2019) 11:1–14. doi: 10.1177/1758835919890285

66. Montazeri, K, and Bellmunt, J. Erdafitinib for the Treatment of Metastatic Bladder Cancer. Expert Rev Clin Pharmacol (2020) 13(1):1–6. doi: 10.1080/17512433.2020.1702025

67. Lv, J, Zhu, Y, Ji, A, Zhang, Q, and Liao, G. Mining TCGA Database for Tumor Mutation Burden and Their Clinical Significance in Bladder Cancer. Biosci Rep (2020) 40(4):1–12. doi: 10.1042/BSR20194337

68. Mariathasan, S, Turley, SJ, Nickles, D, Castiglioni, A, Yuen, K, Wang, Y, et al. TGF-β Attenuates Tumour Response to PD-L1 Blockade by Contributing to Exclusion of T Cells. Nature (2018) 554(7693):544–8. doi: 10.1038/nature25501

69. Ott, PA, Lieskovan, SH, Bartosz Chmielowski, B, Govindan, R, Naing, A, Bhardwaj, N, et al. A Phase Ib Trial of Personalized Neoantigen Therapy Plus anti-PD-1 in Patients With Advanced Melanoma,non-Small Cell Lung Cancer, or Bladde Cancer. Cell (2020) 183(2):347–62.e24. doi: 10.1016/j.cell.2020.08.053

70. Alt, M, Stecca, C, Tobin, S, Jiang, DM, and Sridhar, SS. Enfortumab Vedotin in Urothelial Cancer. Ther Adv Urol (2020) 12:1–10. doi: 10.1177/1756287220980192

71. Park, I, and Lee, JL. Systemic Treatment for Advanced Urothelial Cancer: An Update on Recent Clinical Trials and Current Treatment Options. Korean J Internal Medcine (2020) 35(4):834–53. doi: 10.3904/kjim.2020.204

72. Kompier, LC, Lurkin, I, Van Der Aa, MN, van Rhijn, BWG, van der Kwast, TH, and Zwarthoff, EC. FGFR3, HRAS, KRAS, NRAS and PIK3CA Mutations in Bladder Cancer and Their Potential as Biomarkers for Surveillance and Therapy. PloS One (2010) 5(11):e13821. doi: 10.1371/journal.pone.0013821

73. Lopez-Beltran, A, Luque, RJ, Alvarez-Kindelan, J, Quintero, A, Merlo, F, Carrasco, JC, et al. Prognostic Factors in Stage T1 Grade 3 Bladder Cancer Survival: The Role of G1-S Modulators (p53, p21Waf1, P27kip1, Cyclin D1, and Cyclin D3) and Proliferation Index (Ki67-MIB1). Eur Urol (2004) 45(5):606–12. doi: 10.1016/j.eururo.2003.11.011

74. Wang, L, Feng, C, Ding, G, Ding, Q, Zhou, Z, Jiang, H, et al. Ki67 and TP53 Expressions Predict Recurrence of non-Muscle-Invasive Bladder Cancer. Tumour Biol J Int Soc Oncodevelop Biol Med (2014) 35(4):2989–95. doi: 10.1007/s13277-013-1384-9

75. Klatte, T, Seitz, C, Rink, M, Rouprêt, M, Xylinas, E, Karakiewicz, P, et al. ERCC1 as a Prognostic and Predictive Biomarker for Urothelial Carcinoma of the Bladder Following Radical Cystectomy. J Urol (2015) 194(5):1456–62. doi: 10.1016/j.juro.2015.06.099

76. Font, A, Taron, M, Gago, JL, Costa, C, Sánchez, JJ, Carrato, C, et al. BRCA1 mRNA Expression and Outcome to Neoadjuvant Cisplatin-Based Chemotherapy in Bladder Cancer. Ann Oncol Off J Eur Soc Med Oncol (2011) 22(1):139–44. doi: 10.1093/annonc/mdq333

77. Iyer, G, Al-Ahmadie, H, Schultz, N, Hanrahan, AJ, Ostrovnaya, I, Balar, AV, et al. Prevalence and Co-Occurrence of Actionable Genomic Alterations in High-Grade Bladder Cancer. J Clin Oncol Off J Am Soc Clin Oncol (2013) 31(25):3133–40. doi: 10.1200/JCO.2012.46.5740

78. Plimack, ER, Dunbrack, RL, Brennan, TA, Andrake, MD, Zhou, Y, Serebriiskii, IG, et al. Defects in DNA Repair Genes Predict Response to Neoadjuvant Cisplatin-Based Chemotherapy in Muscle-invasive Bladder Cancer. Eur Urol (2015) 68(6):959–67. doi: 10.1016/j.eururo.2015.07.009



Conflict of Interest: CL was employed by Beijing Zhongke Jianlan Biotechnology Co., Ltd.

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

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




ORIGINAL RESEARCH

published: 26 May 2021

doi: 10.3389/fonc.2021.663263

[image: image2]


Identification of an m6A-Related lncRNA Signature for Predicting the Prognosis in Patients With Kidney Renal Clear Cell Carcinoma


JunJie Yu 1, WeiPu Mao 1, Si Sun 1, Qiang Hu 1, Can Wang 1, ZhiPeng Xu 1, RuiJi Liu 1, SaiSai Chen 1, Bin Xu 2 and Ming Chen 2,3*


1 Medical College, Southeast University, Nanjing, China, 2 Department of Urology, Affiliated Zhongda Hospital of Southeast University, Nanjing, China, 3 Department of Urology, Affiliated Lishui People’s Hospital of Southeast University, Nanjing, China




Edited by: 
Meng Zhang, First Affiliated Hospital of Anhui Medical University, China

Reviewed by: 
An Zhao, University of Chinese Academy of Sciences, China

Lorenzo Bianchi, University of Bologna, Italy

*Correspondence: 
Ming Chen
 mingchenseu@126.com

Specialty section: 
 This article was submitted to Genitourinary Oncology, a section of the journal Frontiers in Oncology


Received: 02 February 2021

Accepted: 06 April 2021

Published: 26 May 2021

Citation:
Yu J, Mao W, Sun S, Hu Q, Wang C, Xu Z, Liu R, Chen S, Xu B and Chen M (2021) Identification of an m6A-Related lncRNA Signature for Predicting the Prognosis in Patients With Kidney Renal Clear Cell Carcinoma. Front. Oncol. 11:663263. doi: 10.3389/fonc.2021.663263




Purpose

This study aimed to construct an m6A-related long non-coding RNAs (lncRNAs) signature to accurately predict the prognosis of kidney clear cell carcinoma (KIRC) patients using data obtained from The Cancer Genome Atlas (TCGA) database.



Methods

The KIRC patient data were downloaded from TCGA database and m6A-related genes were obtained from published articles. Pearson correlation analysis was implemented to identify m6A-related lncRNAs. Univariate, Lasso, and multivariate Cox regression analyses were used to identifying prognostic risk-associated lncRNAs. Five lncRNAs were identified and used to construct a prognostic signature in training set. Kaplan–Meier curves and receiver operating characteristic (ROC) curves were applied to evaluate reliability and sensitivity of the signature in testing set and overall set, respectively. A prognostic nomogram was established to predict the probable 1-, 3-, and 5-year overall survival of KIRC patients quantitatively. GSEA was performed to explore the potential biological processes and cellular pathways. Besides, the lncRNA/miRNA/mRNA ceRNA network and PPI network were constructed based on weighted gene co-expression network analysis (WGCNA). Functional Enrichment Analysis was used to identify the biological functions of m6A-related lncRNAs.



Results

We constructed and verified an m6A-related lncRNAs prognostic signature of KIRC patients in TCGA database. We confirmed that the survival rates of KIRC patients with high-risk subgroup were significantly poorer than those with low-risk subgroup in the training set and testing set. ROC curves indicated that the prognostic signature had a reliable predictive capability in the training set (AUC = 0.802) and testing set (AUC = 0.725), respectively. Also, we established a prognostic nomogram with a high C-index and accomplished good prediction accuracy. The lncRNA/miRNA/mRNA ceRNA network and PPI network, as well as functional enrichment analysis provided us with new ways to search for potential biological functions.



Conclusions

We constructed an m6A-related lncRNAs prognostic signature which could accurately predict the prognosis of KIRC patients.
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Introduction

Renal cell carcinoma (RCC) was the third most common malignant tumor of the urinary system worldwide (1), of which kidney renal clear cell carcinoma (KIRC) was the most frequent subtype (2). Despite the development of many targeted drugs and immunosuppressive drugs, radical nephrectomy was still the primary and most effective treatment method (3). Moreover, KIRC was insensitive to chemotherapy and radiotherapy and had a higher rate of recurrence and metastasis than other subtypes of RCC (3, 4). A better understanding of the molecular mechanisms of KIRC was crucial for the development of new therapeutic agents. It was urgent to identify an effective prognostic signature to predict the survival outcomes of KIRC patients.

DNA methylation and post-translational histone modifications were involved in the epigenetic regulation of cell development and differentiation (5). N6-methyladenosine (m6A) modification was the most abundant internal epistatic modification of mRNA and non-coding RNA (6) and was involved in many biological processes, including RNA splicing, export, and translation (7). The m6A modifications were regulated by m6A regulators, including methyltransferases complex (“writers”), signal transducers (“readers”), and demethylases (“erasers”) (8). It has been reported that M6A was closely associated with a variety of tumors and was thought to be one of the drivers of tumorigenesis and progression. Cai et al. (9) reported that m6A Methyltransferase METTL3 promoted the growth of prostate cancer by regulating hedgehog pathway. Guo et al. (10) reported that RNA demethylases ALKBH5 prevented pancreatic cancer progression by post-transcriptional activation of PER1. Furthermore, m6A-regulated genes also played an essential role in the pathogenicity of KIRC. Zhuang et al. (11) reported that FTO suppressed KIRC progression through the FTO-PGC-1α signaling pathway. Gao et al. (12) reported that DMDRMR-mediated regulation of CDK4 promoted KIRC progression through m6A reader IGF2BP3.

Long non-coding RNAs (lncRNAs) were a class of RNAs that could not encode proteins and have been widely studied in recent years (13). lncRNAs were involved in various biological processes in eukaryotes, and their aberrant expressions were near related to tumor malignancy, including tumor proliferation, differentiation, apoptosis, drug resistance, and metastasis (14, 15). Nevertheless, whether m6A modification-related lncRNAs could be involved in the progression of KIRC remained to be elucidated. Therefore, it was urgent to identify m6A-associated lncRNAs biomarkers for the early diagnosis and prognosis of patients with KIRC.

Here, based on the data of KIRC patients downloaded from The Cancer Genome Atlas (TCGA) database, we constructed an m6A-related lncRNAs prognostic signature by bioinformatic and statistical analysis to predict the prognostic outcomes of KIRC patients accurately. We found that the prognostic signature constructed with five m6A-associated lncRNAs had a high predictive ability. Moreover, a nomogram was constructed to predict the overall survival (OS) of KIRC patients quantitatively. Finally, a ceRNA network and PPI network were built to further explore the possible biological mechanisms of lncRNAs in preparation for identifying new biomarkers.



Methods


Data Source and Preparation

As the flow chart of the study shown in Figure S1, we downloaded Transcriptome profiling data in fragment per kilobase method (FPKM) format of 530 KIRC patients from TCGA data portal (https://portal.gdc.cancer.gov/). Subsequently, these data were collated and annotated, and then collapsed into protein-coding genes and long non-coding RNAs employing the Ensembl human genome browser (http://asia.ensembl.org/info/data/index.html) using the Perl program (16). And 14,142 lncRNAs were identified. Then, the differential analysis of these lncRNAs was performed by the “limma” package in R 4.0.3 (logFC > 1 or<-1, p < 0.05), and 4,492 significantly differential lncRNAs were identified. In addition, 35 m6A-related genes were obtained from published articles (8, 17), and the expression matrixes were extracted from transcriptome profiling datasets, including regulators on writers [KIAA1429 (VIRMA), METTL3, METTL14, WTAP, RBM15, RBM15B, METTL16, ZC3H13, and PCIF1], readers [TRMT112, ZCCHC4, NUDT21 (CPSF5), CPSF6, CBLL1 (HAKAI), SETD2, HNRNPC, HNRNPG (RBMX), HNRNPA2B1, IGF2BP1, IGF2BP2, IGF2BP3, YTHDC1, YTHDF1, YTHDF2, YTHDF3, YTHDC2, SRSF3, SRSF10, XRN1, FMR1 (FMRP), NXF1, and PRRC2A], and erasers (FTO, ALKBH5, and ALKBH3). The differential analysis was also performed by the “limma” package in R software and 25 m6A-related genes were confirmed to be significantly different (p < 0.05, Figure S2). Then, Pearson correlation analysis between these lncRNAs and 25 m6A-related genes was performed, and 753 m6A-related lncRNAs were identified (cor > 0.5 or <−0.5, p < 0.05). The clinicopathological data were downloaded from the TCGA dataset, excluding those with survival time <30 days or unknown (n = 17), and those with unclear specific information including stage (n = 3), tumor grade (n = 3), and AJCC M stage (n = 3). Subsequently, we merged lncRNAs expression data with clinical data. Ultimately, a total of 505 cases were included in the study.



Construction and Verification of an m6A-Related lncRNAs Prognostic Signature

To construct an effective prognostic prediction signature, we randomly classified the 505 cases into training set (253 samples) and testing set (252 samples) in a 1:1 ratio (Table 1). The training set was applied to construct a prognostic signature and to evaluate it in the testing set. The univariate Cox proportional hazards regression analysis was used to identify m6A-related lncRNAs, which were significantly linked with prognosis (p < 0.01) in the training set. Least absolute shrinkage and selection operator (LASSO) regression analysis was applied to eliminate those prognostic-related lncRNAs highly correlated with each other to avoid overfitting. Later, the multivariate Cox proportional hazards regression analysis was subjected to determine independent prognostic factors. Ultimately, we identified five prognostic risk-related lncRNAs to construct a prognostic risk score signature. The risk score of KIRC patients was calculated using the format   The KIRC patients were classified into high-risk subgroup and low-risk subgroup based on median risk score as the cut-off value. The Kaplan–Meier survival curve was performed to compare the survival outcomes of the two groups. The receiver operating characteristic curves (ROC) and its area under the curve (AUC) values were utilized to evaluate the specificity and sensitivity of the signature by “ROC package” in R software.


Table 1 | Comparison of clinical characteristics of KIRC* patients in training set and testing set.





Establishment and Validation of a Prognostic Nomogram

To quantitatively predict the prognosis of KIRC patients, we constructed a prognostic nomogram based on risk score and traditional prognosis-related clinical variables, including age, grade, AJCC T stage. Afterward, the concordance index (C-index) and calibration curves were used to evaluate the reliability and accuracy of the prognostic nomogram.



Gene Set Enrichment Analysis (GSEA) and Weighted Gene Co‐Expression Network Analysis (WGCNA)

GSEA software was performed to explore the potential biological processes and cellular pathways in the low- and high-risk subgroups in KIRC TCGA cohort. The expression profiles of mRNAs and lncRNAs of KIRC patients downloaded from the TCGA database were applied to construct gene co-expression networks using the “WGCNA package” implemented in R software. The construction process was the same as described previously (18). The FPKM method was used to standardize the data. The parameter settings of the dynamic tree cut method referred to previous literature.



CeRNA Network Construction and PPI Analysis, As Well As Functional Enrichment Analysis

Previous literature has reported potential interactions between mRNAs, miRNAs, and lncRNAs, and to elucidate the regulatory role of m6A-related lncRNAs, we constructed a ceRNA network based on WGCNA and differentially expressed lncRNAs. The lncRNA and mRNAs modules with the highest correlation coefficient were selected. To further close the relationship with the clinical traits and increase the accuracy of prediction, the lncRNAs in the MEturquoise module were intersected with the differentially expressed lncRNAs in the KIRC dataset in the TCGA database, and 12 lncRNAs were finally selected as m6A-associated lncRNAs. The miRcode (http://www.mirco de.org/) database was utilized to predict miRNAs that interacted with 12 lncRNAs, identifying 161 pairs of interactions between 12 lncRNAs and 35 miRNAs. The relationship between miRNAs and target mRNAs was predicted by TargetScan (http://www.targe tscan.org/), miRDB (http://www.mirdb.org/miRDB/), and miRTarBase (http://mirtarbase.mbc.nctu.edu.tw), and 149 mRNAs were identified. Cytoscape software was used to visualize the lncRNA/miRNA/mRNA ceRNA network. STRING (https://string-db.org/) was a website that could predict interactions between functional proteins (19, 20). Those 149 target mRNAs were applied to establish a PPI network. A medium confidence of >0.4 was considered significant. CytoHubba plugin of Cytoscape was used to extract hub genes from the PPI network. Subsequently, using the “clusterProfiler package” in R software, Gene Ontology (GO) enrichment analysis of the 149 targeted mRNA was used to identify molecular functions (MF), cellular components (CC), and biological processes (BP). The Kyoto Encyclopedia of Genes and Genomes (KEGG) was performed to search for potential signaling pathways.



Cell Lines, Clinical Samples Collection, RNA Extraction, and Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR)

The human KIRC cell lines,786-O, caki-1, and human kidney cell (HK-2 cell, proximal tubule epithelial cell) were originally purchased from cell repository of Shanghai Institute of Life Sciences, Chinese Academy of Sciences. RPMI 1640 medium, containing 10% fetal bovine serum (FBS), penicillin (25 U/ml), and streptomycin (25 mg/ml), was used to culture these KIRC cells at 37°C in a humidified 5% CO2 environment. In addition, a total of 25 fresh samples from patients who underwent laparoscopic radical or partial nephrectomy for KIRC were collected in Southeast University Zhongda Hospital from 2019 to 2020, including tumor tissue and matched adjacent normal kidney tissue and stored at −80°C. All patients were diagnosed with KIRC and did not undergo any antitumor therapy before surgery. The research was authorized by the Medical Ethics Committee of the Southeast University Zhongda Hospital (ZDKYSB077), and each patient gave informed consent.

Total RNA was isolated from KIRC cells and clinical tissues using Total RNA Kit I (50) (OMEGAbiotec, China). Then cDNA was synthesized using the HiScript II Q RT SuperMix (R223-01) reagent kit (vazyme, Nanjing, China). Quantitative real-time PCR (qRT-PCR) was performed using the SYBR green PCR mix (vazyme, Nanjing, China) according to the manufacturer’s instructions. The 2−ΔΔCT calculation method (21, 22), a relative quantification to calculate the proportion of transcripts in a sample, was applied to determine the relative expression levels of the five m6A-related lncRNAs in the prognostic signature. It described the expression levels of the target genes relative to the reference genes. The detailed calculation method of ΔΔCT was as follows: ΔΔCT= (CTlncRNA -CTGAPDH) sample- (CTlncRNA -CTGAPDH) control (The control group in this study was HK-2 cell or normal kidney tissue). GAPDH was employed as the endogenous control. The final results obtained from the 2−ΔΔCT calculation were the relative expression of the target genes. The primer sequences used in the present study were listed in Table S1.



Statistical Analysis

The statistical analysis was performed in R software (version 4.0.2). The Perl programming language (Version 5.30.2) was used for data processing. Kaplan-Meier survival curve analysis with log-rank test was applied to analyze OS. Univariate, Lasso, and multivariate Cox regression analyses were used to evaluate prognostic significance. ROC curve analysis and its AUC value was used to evaluate the reliability and sensitivity of the prognostic signature. P < 0.05 was regarded as statistically significant.




Results


Construction and Evaluation of an m6A-Related lncRNAs Prognostic Signature in Training Set

To construct a prognostic prediction signature for KIRC patients, we performed univariate Cox proportional hazards regression analysis of expression of the 753 m6A-related lncRNAs in the training set. Expression of 297 lncRNAs was shown to be significantly associated with the prognosis of KIRC patients. LASSO Cox analysis was applied to eliminate these prognostic-related lncRNAs highly correlated with each other to avoid overfitting, and 15 m6A-related lncRNAs were identified (Figures 1A, B). Subsequently, multivariate Cox proportional hazards regression analysis were adopted, and it generated the m6A-related lncRNAs prognostic signature which contained five m6A-related lncRNAs and coefficient of each (Figure 1C), using the formula as follows: risk score = 0.935053 * AC012170.2+(−1.93775) * AC025580.3+0.416438 * AL157394.1+0.291862 * AP006621.2+(−0.35955) * AC124312.5. Also, forest plots of multivariate cox regression analysis displayed that AC012170.2, AL157394.1, and AP006621.2 were risk factors for Hazard Radio (HR) >1, whereas AC025580.3 and AC124312.5 were protective factors for HR <1 (Figure 1D).




Figure 1 | Construction and evaluation of an m6A-related lncRNAs prognostic signature in Training set. (A–C) The least absolute shrinkage and selection operator (LASSO) Cox regression analysis was performed to avoid overfitting in training set after univariate Cox regression analysis. Lasso coefficient values and vertical dashed lines were calculated at the best log (lambda) value (A, B) and Lasso coefficient profiles of the prognostic-related lncRNAs were displayed (C). (D) Forest plot of multivariate cox regression analysis for five prognostic-related lncRNAs. The Hazard Ratio (HR) value and its 95% confidence interval, as well as associated p-value, were showed. These HRs greater than 1 were risk factors, which indicated that high expression of these lncRNAs was unfavorable for prognosis, while HRs less than 1 were protective factors, which indicated that high expression of lncRNAs was favorable for prognosis. (E) Kaplan-Meier curves showed that the high-risk group had worse survival probability than the low-risk group in the training set. (F) Receiver operating characteristic (ROC) curves for the signature and its AUC value in training set. (G) ROC curves and their AUC value represented 1-, 3-, and 5-year predictions in training set. (H) Scatter plot showed the correlation between the survival status and risk score of KIRC patients; Risk score distribution plot showed the distribution of high-risk and low-risk KIRC patients; Heatmap of the five m6A-related lncRNA expression profiles showed the expression of risk lncRNAs in high-risk and low-risk group in training set. *p < 0.05; **p < 0.01; ***p < 0.001.



To evaluate the reliability and sensitivity of the prognostic risk-related signature, the KIRC patients in the training dataset were assigned to low- and high-risk subgroups based on the median value of risk scores. Kaplan-Meier survival curves were performed and depicted that the survival outcomes of KIRC patients with high-risk subgroup were significantly worse than those with low-risk subgroup in the training set (p < 0.001) (Figure 1E). The 3-, 5-year survival rates were 60.7 and 46.2% for the high-risk subgroup and 90.6 and 86.5% for the low-risk subgroup, respectively. ROC curves showed that the AUC value for prognostic risk-related signature was 0.802 (Figure 1F). Moreover, the AUC value corresponding to 1, 3, 5 years of survival outcomes were 0.806, 0.785, and 0.814 (Figure 1G), which demonstrated that the prognostic risk-related signature harbored a promising ability to predict prognosis in the training set. In addition, scatter plot showed that high-risk score KIRC patients had worse survival times than low-risk score group; the risk Score distribution plot depicted that the high-risk subgroup had higher risk scores than the low-risk subgroup; furthermore, the heatmap showed significant differences in the expression profiles of five prognosis-related lncRNAs between the high-risk and low-risk subgroups (Figure 1H). Besides, the Kaplan-Meier survival curves were applied to evaluate prognostic roles of the five prognosis-related lncRNAs, and the results confirmed that higher expression of AC012170.2 (Figure 2A), AL157394.1 (Figure 2D), and AP006621.2 (Figure 2E) and lower expression of AC025580.3 (Figure 2B) and AC124312.5 (Figure 2C) were linked to poorer survival outcomes (p < 0.05). In summary, the prognostic risk-related signature we constructed had significant reliability and sensitivity in predicting the prognosis of KIRC patients.




Figure 2 | The Kaplan-Meier (K-M) survival curves of five m6A-related lncRNAs in the prognostic signature. (A, D, E) The K-M survival curves of AC012170.2, AL157394.1, and AP006621.2 showed high expression group had worse overall survival (OS) than the low expression group in the training set (p < 0.05). (B, C) The K-M survival curves of AC025580.3 and AC124312.5 showed high expression group had better OS than the low expression group in the training set (p < 0.05).





Validation of the m6A-Related lncRNAs Prognostic Signature in Testing Set

To further validate the predictive ability of the m6A-related lncRNAs prognostic signature, we calculated the risk scores in both testing set and overall set using the same algorithm for KIRC patients, who were also divided into low- and high-risk subgroups. Kaplan-Meier survival curves displayed that the OS for KIRC patients were consistent with those in the testing set (Figure 3A) and overall set (Figure 3B) (p < 0.001). The 3-, 5-year survival rates were 67.9 and 46.8% for the high-risk subgroup and 82.1 and 70.7% in the low-risk subgroup in the testing set, and 64.8 and 46.4% for the high-risk subgroup and 86.2 and 78.4% in the low-risk subgroup in the overall set, respectively. ROC curves also indicated that the m6A-related lncRNAs prognostic signature had a reliable predictive capability in the testing set (AUC = 0.725; Figure 3C) and overall set (AUC = 0.763; Figure 3D). Furthermore, the time-ROC curves and its AUC value also displayed that the prognostic signature had strong prognostic value for KIRC patients in testing set (1-year AUC = 0.726, 3-year AUC = 0.640, 5-year AUC = 0.677; Figure 3E) and overall set (1-year AUC = 0.765, 3-year AUC = 0.708, 5-year AUC = 0.741; Figure 3F). Besides, the scatter plot and risk score distribution plot also displayed the correlations between survival status and risk score of KIRC patients in high- and low-risk subgroup in the testing set (Figure 3G) and overall set (Figure 3H). Also, heatmaps showed that the expression profiles of the five prognosis-related lncRNAs were also consistent with those in the training set. These results indicated that the m6A-related lncRNAs prognostic signature had a robust and stable prognostic-predictive ability.




Figure 3 | Validation of the prognostic signature for KIRC patients in testing set and overall set. Kaplan-Meier curves showed that the high-risk group had worse overall survival (OS) than the low-risk group in the testing set (A) and overall set (B). Receiver operating characteristic (ROC) curves for the prognostic signature and its AUC value in the testing set (C) and overall set (D). ROC curves and their AUC value represented 1-, 3-, and 5-year predictions in the testing set (E) and overall set (F). Scatter dot plot showed the outcomes between the survival status and risk score of KIRC patients in high- and low-group; Risk score distribution plot showed the distribution of high-risk and low-risk KIRC patients; Heatmap of the five m6A-related lncRNA expression profiles showed the expression of risk lncRNAs in high-risk and low-risk group in the testing set (G) and overall set (H), separately.





Clinical Value and Application of the m6A-Related lncRNAs Prognostic Signature

To access the clinical value and application of the prognostic signature, the risk scores from prognostic signature and clinicopathological characteristics, including age, gender, grade, AJCC stage, TNM stage were integrated. As was shown in Figure 4A, the heatmap showed associations between the expression profiles of the five m6A-related lncRNAs and clinicopathological features in the low- and high-risk subgroup. We found that there were significant differences in age, grade, AJCC stage, and survival status between high- and low-risk subgroups (p < 0.05). In addition, forest plots showed the stable prognostic ability of the five m6A-related lncRNAs included in the prognostic risk model (Figure 4B). Multivariate ROC curve based on the risk score from prognostic signature and clinicopathologic characteristics indicated that the AUC value for risk score was 0.802, which was higher than the AUC value of age (0.629), gender (0.484), Grade (0.708), AJCC stage (0.800), T stage (0.746), M stage (0.713), N stage (0.410) (Figure 4C). Furthermore, we compared the m6A-related lncRNAs prognostic signature (AUC = 0.765) with published prediction models [Sun et al. (2) AUC = 0.646; Wan et al. (23) AUC = 0.729; Xing et al. (24) AUC = 0.724] and found that our signature had higher prediction reliability and sensitivity than other published biomarkers (Figure 4D). Subsequently, the univariate (Figure 4E) and multivariate Cox regression analysis (Figure 4F) were performed and confirmed that risk score, age, grade were independent prognostic factors (p < 0.01). Overall, our results indicated that the prognostic risk score signature could be used independently and reliably to predict survival outcomes in patients with KIRC.




Figure 4 | Estimation of clinical Value of the m6A-related lncRNAs prognostic risk signature in KIRC patients. (A) The heatmap showed associations between the expression of the five m6A-related lncRNAs in the low- and high-risk group and clinicopathological features, including survival status (alive or dead), age (>60 y or <=60 y), AJCC stages (stages I–II or III–IV), and AJCC grade (1–2, 3–4, or NA) (all p < 0.05) in training set. (B) The forest plots showed the prognostic ability of the five m6A-related lncRNAs in the prognostic risk model (p < 0.05). (C) The multivariate receiver operating characteristic (ROC) curve showed predictive accuracy of risk score was higher than other clinicopathological features. (D) Multivariate ROC curves showed the sensitivity and specificity of the prognostic risk signature were higher than other published biomarkers in predicting the prognosis of KIRC patients. (E) The univariate Cox regression analysis showed that risk score and clinicopathological features, included age, grade, AJCC stage, T and M stage were prognostic-related variables. (F) The multivariate Cox regression analysis showed risk score, grade, age were independent prognostic factors. (G) Construction of a prognostic nomogram based on risk score and prognostic-related clinicopathological parameters to predict 1-, 3-, 5-year overall survival of KIRC patients. (H–J) The calibration curves of the nomogram displayed the concordance between predicted and observed 1-, 3-, and 5-year OS.



Finally, to develop a quantitative method to predict the prognosis of KIRC patients, we constructed a prognostic nomogram based on risk score and prognostic-related clinicopathological parameters to predict 1-, 3-, 5-year OS of KIRC patients (Figure 4G). The C-index value of this nomogram was 0.794. The calibration curve proved that the prognostic nomogram was reliable and accurate (Figures 4H–J).



Stratification Analysis of the m6A-Related lncRNAs Prognostic Signature Based on Prognosis-Related Clinicopathological Features

To better evaluate the predictive ability of the m6A-related lncRNAs prognostic signature and to validate its ability to predict OS in high-and low-risk subgroups, we performed a stratified analysis based on clinicopathological features, including age (>60 years vs. ≤60 years), gender (FEMALE vs. MALE), AJCC grade (G1–2 vs. G3–4), stages (stage I–II vs. stage III–IV), AJCC T stage (T1–2 vs. T3–4). Kaplan-Meier survival analyses were performed and results showed that the high-risk subgroup had worse OS compared to the low-risk subgroup in different strata of clinical characteristics (p < 0.05; Figures 5A–J).




Figure 5 | The survival outcomes of the high- and low-risk score subgroup in KIRC patients were stratified by various clinicopathological features. Kaplan-Meier survival curve showed the survival outcomes of high- and low-risk KIRC patients stratified according to age (>60 years vs. ≤60 years) (A, B), gender (FEMALE vs. MALE) (C, D), AJCC grade (G1–2 vs. G3–4) (E, F), stages (stage I–II vs. stage III–IV) (G, H), AJCC T stage (T1–2 vs. T3–4) (I, J), respectively (all p < 0.05).





GSEA of the High- and Low-Risk Subgroup in KIRC Patients Based on the m6A-Related lncRNAs Prognostic Signature

To investigate the potential biological processes and pathways involved in molecular heterogeneity, the GSEA was performed between the low- and high-risk subgroups in TCGA cohort. The results displayed that the altered genes in the high-risk subgroups belonged to pathways involving proteasome, cancer-muscle-contraction, glycosaminoglycan-biosynthesis-chondroitin-sulfate, p53-signaling-pathway, complement-and-coagulation-cascades (Figure 6A). Besides, the GSEA analysis in the low-risk subgroups related to ERBB-signaling-pathway, tryptophan-metabolism, fatty-acid-metabolism, prostate-cancer, histidine-metabolism (Figure 6B). It indicated that activation of pathways in high- or low-risk subgroups could contribute to improving prognosis. As shown in Figures 6C, D, the top 10 KEGG signaling pathways in high- or low-risk subgroups were displayed and suggested enrichment scores in the high-risk subgroup were associated with proteasome, while valine-leucine-and-isoleucine-degradation in low-risk subgroup. These findings gave new insights into individualized treatment for different risk subgroups of patients with KIRC.




Figure 6 | Gene set enrichment analysis (GSEA) of the high- and low-risk subgroup in KIRC patients based on the prognostic signature. (A) GSEA showed that the top five tumor hallmarks were enriched in the high-risk group. (B) GSEA showed that the top five tumor hallmarks were enriched in the low-risk group. (C) The top 10 KEGG signaling pathways in high-risk KIRC patients. (D) The top 10 KEGG signaling pathways in low-risk KIRC patients.





Construction of a ceRNA Network and PPI Network Based on WGCNA and Functional Enrichment Analysis

To elaborate on how m6A-related lncRNAs regulate targeting mRNAs expression by sponging miRNAs in KIRC, we constructed a ceRNA network based on WGCNA and performed PPI analysis using the STRING database. WGCNA was performed to identify lncRNAs in modules associated with the clinical traits of KIRC and MEturquoise module was selected because of the highest correlation coefficient (Figures 7A, B). Likewise, these mRNAs in the MEgreen module were selected (Figures 7C, D). Then, we constructed a lncRNA-miRNA-mRNA ceRNA network that contained 12 lncRNAs, 35 miRNAs, and 149 mRNAs to investigate the potential biological function of m6A-related lncRNAs (Figure 8A). Subsequently, these 149 target mRNAs were applied to implement PPI analysis (Figure 8B). The connecting nodes of the top 30 target mRNAs were shown in PPI network, with VEGFA having the most interacting nodes (Figure 8C). Besides, we obtained the top 10 hub genes using CytoHubba plugin of Cytoscape software (Figure 8D). Ultimately, GO enrichment analysis and KEGG pathway analysis of 149 targeted mRNA were implemented. We found that the top five GO terms for biological processes were T cell activation, leukocyte cell-cell adhesion, regulation of cell-cell adhesion, regulation of mononuclear cell proliferation, positive regulation of cell adhesion; The top five GO terms for cellular components were external side of plasma membrane, collagen-containing extracellular matrix, apical part of cell, basolateral plasma membrane, apical plasma membrane, and the top five GO terms for molecular functions were immune receptor activity, cytokine receptor activity, cytokine binding, cytokine activity, cytokine receptor binding (Figure 8F). The top five KEGG signaling pathways were cytokine-cytokine receptor interaction, cell adhesion molecules, human T-cell leukemia virus 1 infection, Epstein-Barr virus infection, viral protein interaction with cytokine and cytokine receptor (Figure 8E). These results provided us with new ways to search for potential functions of m6A-related lncRNAs in KIRC.




Figure 7 | WGCNA was performed to identify modules associated with the clinical traits of KIRC. (A) Hierarchical clustering dendrogram of identified lncRNAs in modules of KIRC. (B) Heatmaps of the correlation between Eigengene of lncRNAs and clinical traits of KIRC were displayed. Each module with different colors contained the correlation and P-value, and MEturquoise module with the highest correlation coefficient was selected. (C) Hierarchical clustering dendrogram of identified mRNAs in modules of KIRC. (D) Heatmaps of the correlation between Eigengene of mRNAs and clinical traits of KIRC cancer were displayed. Each module with different colors contained the correlation and P-value, and MEgreen module with the highest correlation coefficient was selected.






Figure 8 | Construction of a lncRNA-miRNA-mRNA ceRNA network and protein-protein interaction (PPI) network, as well as functional enrichment analysis. (A) The ceRNA network displayed 12 m6A-related lncRNAs and their sponged miRNAs and targeted mRNAs. (B) PPI network of target genes. (C) The bar chart showed the number of connecting nodes of target mRNAs in PPI network. (D) PPI network of the top 10 hub genes obtained from CytoHubba plugin of Cytoscape. (E) Bubble diagram of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis revealed the enriched signaling pathways of targeted mRNAs. (F) Gene Ontology (GO) analysis of targeted mRNAs revealed the enriched biological processes, cell components, and molecular functions.





Identification of Expression Levels of the Five m6A-Related lncRNAs in KIRC Cells and Clinical Tissue Samples

To further demonstrate the feasibility of the prognostic signature, we performed qRT-PCR assays in KIRC cells and clinical tissue samples to validate the expression levels of the five m6A-related lncRNAs. We first validated the expression level of the five lncRNAs in normal kidney cells (HK-2 cell) and two KIRC cell lines (786-O, caki-1). The results indicated that the expression level of AC012170.2, AL157394, AP006621.2, and AC025580.3 were significantly increased in KIRC cells compared with normal kidney cells, whereas AC124312.5 was downregulated in KIRC cell (Figures 9A–E). The same results were detected in tumor tissue and matched adjacent normal kidney tissue (Figures 9F–J). Collectively, these findings further validated the stability and reliability of the m6A-related lncRNAs prognostic signature.




Figure 9 | (A–E) The expression levels of five m6A-related lncRNAs in the prognostic signature in normal kidney cell and KIRC cells. (F–J) The expression levels of five m6A-related lncRNAs in 25 paired KIRC and matched adjacent normal tissues were examined by qRT-PCR. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussions

In our present study, we identified five prognostic-associated m6A-related lncRNAs (AC012170.2, AL157394.1, AP006621.2, AC025580.3, and AC124312.5) and constructed an m6A-related lncRNAs prognostic signature that could accurately predict the prognostic outcome of KIRC patients based on TCGA data. Firstly, the KIRC samples have been randomly divided into training set and testing set. Then, univariate Cox proportional hazards regression analysis was applied in the training set, and 297 lncRNAs were found to be associated with the prognosis significantly. Subsequently, LASSO Cox analysis and multivariate Cox proportional hazards regression analysis were adopted. Five prognostic-associated m6A-related lncRNAs were identified as independent prognostic factors for KIRC patients used to construct the prognostic risk score model subsequently. To evaluate the predictive ability of the prognostic signature, we classified the KIRC patients into low- and high-risk subgroups based on the median value of risk scores. Subsequently, we performed Kaplan-Meier survival analysis and confirmed that the high-risk subgroup had a worse OS than low-risk subgroup in the training set, testing set, and overall set. It was consistent with the results of the ROC curves. Moreover, a prognostic nomogram was constructed to predict the OS of KIRC patients quantitatively. Finally, a lncRNA/miRNA/mRNA ceRNA network and a PPI network based on WGCNA were built further to explore the possible biological mechanisms of m6A-related lncRNAs. Besides, GO and KEGG enrichment analysis was performed to validate the main biological functions and downstream pathways of those m6A-related lncRNAs. Collectively, our results indicated that m6A-related lncRNAs prognostic signature had a robust and stable prognostic-predictive ability.

Several studies (2, 25) have reported that m6A-related gene models could predict the prognosis of KIRC patients well, but whether m6A-related lncRNAs prognostic signature could predict the prognosis of KIRC remained unknown. In the present study, we compared the m6A-related lncRNAs prognostic signature with published prediction models and found that our signature had reliable predictive reliability and sensitivity, superior to other published biomarkers. In addition, we developed a prognostic nomogram to accurately predict the prognosis of KIPC patients, which had a comparable predictive ability with the published literature (26, 27). Therefore, this could be a new and useful predictive tool for KIRC patients.

Besides, to access the clinical value of the prognosis signature, we integrated risk scores and clinicopathological characteristics, and performed univariate and multivariate Cox regression analysis and stratification analysis. We found that risk score, age, grade were independent prognostic factors, which indicated that the m6A-lncRNAs prognostic signature could be used independently and reliably to predict OS in KIRC patients. Moreover, stratification analysis demonstrated that the high-risk subgroup had worse OS compared to the low-risk subgroup in different clinical characteristics. It also proved the reliability and usefulness of the prognostic signature.

Then, combined with the expression levels, we analyzed the five m6A-related lncRNAs in the prognostic signature. We found that AC012170.2, AL157394, AP006621.2 were upregulated in tumor tissues compared with normal tissues. Furthermore, AC012170.2, AL157394.1, and AP006621.2 were risk factors, which were upregulated in high-risk subgroup. The Kaplan-Meier survival curves showed that higher expression of AC012170.2, AL157394.1, and AP006621.2 were linked to poorer survival outcomes. These suggested that they might act as tumor suppressors in KIRC. On the contrary, AC124312.5 was downregulated in tumor tissues. Moreover, AC124312.5 were protective factors, which were upregulated in low-risk subgroup. And the lower expression of AC124312.5 was linked to poorer survival outcomes. These suggested that it might act as tumor promoters in KIRC. It gave us insight into their potential role in tumorigenesis and development for KIRC. Also, Xia et al. (28) reported the prognostic role of AP006621.2 and AC025580.3 in KIRC. However, the roles of the remaining three m6A-related lncRNAs in tumors have not been reported. Therefore, our next step will be to further verify its function and mechanism from in vivo and in vitro experiments.

Our study still had some limitations. Firstly, the dataset we used to construct and validate the m6A-related lncRNAs prognostic signature was obtained from TCGA. We failed to locate suitable external data from other public databases to evaluate the reliability of the model. Second, we only performed preliminary expression studies on these five m6A-related lncRNAs in the signature. However, further functional analysis and mechanistic studies were not carried out. Finally, we were not able to verify its specific biological functions and found the exact signaling pathways.

In conclusion, in the present study, we extracted data from public databases and analyzed the role of m6A-related lncRNAs in KIRC. We successfully constructed a prognostic risk signature based on five m6A-related lncRNAs and validated the reliability and sensitivity of the model. We also established a prognostic nomogram that could quantitatively predict the prognostic outcome of KIRC patients. Besides, the ceRNA network and PPI network were constructed and GO and KEGG functional enrichment analysis was performed, which provided us with new ways to search for potential functions of m6A-related lncRNAs in KIRC.
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Background

Lysine acetylation and deacetylation are posttranslational modifications that are able to link extracellular signals to intracellular responses. However, knowledge regarding the status of lysine regulators in urological cancers is still unknown.



Methods

We first systematically analyzed the genetic and expression alterations of 31 lysine acetylation regulators in urological cancers. The correlation between lysine acetylation regulators and activation of cancer pathways was explored. The clinical relevance of lysine acetylation regulators was further analyzed.



Results

We identified that there are widespread genetic alterations of lysine acetylation regulators, and that their expression levels are significantly associated with the activity of cancer hallmark-related pathways. Moreover, lysine acetylation regulators were found to be potentially useful for prognostic stratification. HDAC11 may act as a potential oncogene in cell cycle and oxidative phosphorylation of urological cancers.



Conclusion

Lysine acetylation regulators are involved in tumorigenesis and progression. Our results provide a valuable resource that will guide both mechanistic and therapeutic analyses of the role of lysine acetylation regulators in urological cancers.
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Introduction

Acetylation is the most common type of post-translational modification (PTM) of proteins, and it plays crucial roles in the development and progression cancer (1–3). Lysine acetylation is a reversible epigenetic PTM that plays crucial roles in the eukaryotic cells, which is regulated by the antagonistic actions of two families of enzymes: lysine acetyltransferases (KATs) and lysine deacetylases (KDACs) (4–6). Protein lysine acetylation and deacetylation contribute to several processes that maintain the proper functioning of cells, including transcriptional regulation and metabolic functions. Therefore, acetylation and deacetylation by lysine acetylation regulators has emerged as a crucial PTM for a wide range of cellular processes and is involved in aging and the development of several diseases, including cancer (7, 8). In addition, acetylation of lysine residues mediated by these regulators has been shown to be involved in the development of several diseases (6, 9, 10). Thus, a comprehensive understanding of the genetic alterations and expression perturbations underlying cancer cell heterogeneity is necessary to elucidate protein acetylation-based therapeutic targets.

Urological cancers entail the management of prostate, bladder, kidney, and testis cancer. The Global Burden of Disease Study showed a 2.1-fold increase in kidney cancer, a 1.5-fold increase in bladder cancer, and a 3.2-fold increase in prostate cancer  (11). Women comprise 23.2% of new cases and 27.4% of deaths for bladder cancer and 34.7% of new cases and 33.1% of deaths for kidney cancer (12). Aberrant acetylation and deacetylation of genes were involved in occurrence and development of tumor, especially urological cancers (13–15). However, the molecular alterations and clinical prognostic value of lysine acetylation regulators in urological cancers are still unclear.

In this study, we aimed to systematically characterize the molecular alterations and clinical relevance of lysine acetylation regulators in urological cancers. We identified that there exist widespread genetic alterations (including genetic mutations and copy number variations) in lysine acetylation regulators among urological tumors. We also assessed whether perturbations in the expression of lysine acetylation regulators was correlated with the activity of cancer pathways. Moreover, we further explored the clinical prognostic value of lysine acetylation regulators, and found that lysine acetylation regulators are potentially useful markers for prognostic stratification. Our analysis indeed the importance of lysine acetylation regulators in urological cancers development, and lays a foundation for the development of therapeutic strategies based on lysine acetylation.



Methods


Collection of Lysine Acetylation Regulators

A flowchart of the study design is shown in Figure 1. 31 lysine acetylation regulators were collected from recently published review papers (16, 17), including 13 KATs and 18 KDACs. All these gene symbols were converted into Ensemble gene IDs and HGNC symbols by manually curated from GeneCards (https://www.genecards.org/).




Figure 1 | A schematic diagram for study design.





Genome-Wide Omics Data Across Six Cancer Types

The omics datasets were downloaded from TCGA (http://cancergenome.nih.gov/). TCGA projects of six urological cancers, including kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), kidney chromophobe (KICH), bladder urothelial carcinoma (BLCA), prostate adenocarcinoma (PRAD) and testicular germ cell tumors (TGCT). All the somatic mutation data were obtained from TCGA database. The copy number variation data were downloaded from Broad GDAC Firehose (https://gdac.broadinstitute.org/). GISTIC was used to identify genomic regions that are significantly gained or lost across a set of tumors (18). RNA-seq data were obtained from the TCGA project via the R-package “TCGAbiolinks” (19), which is specifically developed for integrative analysis with GDC data. The clinical information for patients of urological cancer types were downloaded from TCGA project via the R-package “TCGAbiolinks”.



Genomic, Transcriptomic Data of Lysine Acetylation Regulators Across Cell Lines and Cancers

Genome-wide mutation data across cell lines were collected from the Broad Institute Cancer Cell Line Encyclopedia (CCLE) and the Genomics of Drug Sensitivity in Cancer database (GDSC) (20, 21). The cell lines were classified into different cancer types based on their annotations. In total, there were 14 cell lines across 2 cancer types from CCLE and 26 cell lines across 3 cancer types from GDSC. The mutation frequency of lysine acetylation regulators in each cancer type was defined as the proportion of cell lines with the regulator mutations. In addition, we also downloaded the copy number variation data for cell lines from CCLE and GDSC. There were 37 cell lines across 2 cancer types in CCLE and 47 cell lines in GDSC with CNV data. We calculated the CNV frequency in each cancer types as the proportion of cell lines with CNV amplification and deletion.

To validate the expression of lysine acetylation regulators across cancer types, we collected gene expression data across 778 samples representing 4 cancer types. These data were collected from Gene Expression Omnibus (GEO). To minimize inter-platform variation, only datasets generated from the Affymetrix Human Genome U133 Plus 2.0 Array were processed to develop the meta-dataset. Each dataset was preprocessed with RMA normalization, merged, and batch effect-corrected via Combat method (22).



Identification of Differentially Expressed Genes

To identify differentially expressed genes in each cancer type, we used the Wilcox’s rank sum test to identify differentially expressed genes. Genes with at least two-fold changes or less than half-fold changes and adjusted p-values <0.05 in expression were identified as differentially expressed genes using R package limma.


Immunohistochemistry Analysis

To validate the protein expression of differentially expressed genes and activity of cell cycle and oxidative phosphorylation related pathway, as per the method described by our previous study (23), the protein of EP300, cyclin dependent kinases 2 (CDK2), cyclin A2 (CCNA2), NADH ubiquinone oxidoreductase complex assembly factor 8 of complex I (NDUFB8) and succinate dehydrogenase complex iron sulfur subunit B of complex II (SDHB) in TGCT, kidney_Tumor, BLCA and PRAD were clarified by immunohistochemistry analysis. All captured images were manually annotated by certified pathologists.




Oncogenic Pathway Activity Across Cancer Types

To calculate the activity of cancer hallmark-related pathways, the FPKM-based gene expression was first transformed to Z-score by zFPKM package. To further estimate variation of gene set enrichment through the samples of an expression data set, the normalized gene expression were administered to Gene Set Variation Analysis (GSVA) (24). To identify the lysine acetylation regulators that were correlated with activation or inhibition of pathway, we calculated the Pearson Correlation Coefficient (PCC) between expression of lysine acetylation regulators and pathway activity. The regulator-pathway pairs with |PCC|>0.5 and adjusted p-value<0.01 were identified as significantly correlated lysine acetylation regulators.



Clinical Relevance of Lysine Acetylation Regulators

To explore whether the expression of lysine acetylation regulators was associated with patient survival, we divided all the patients into two groups based on the median expression of HDAC9. The log-rank test was used to test the difference survival rates between two groups. This process was performed by the survival package in R program (https://cran.r-project.org/web/packages/survival/index.html). The p-values <0.05 were considered as significant.



Validating the Clinical Association of Lysine Acetylation Regulators

We validated the clinical association of HDAC11 based on KIRC datasets from TCGA project. Patients were also divided into two groups based on the median expression of HDAC11, and the survival difference was tested by log-rank test.



Validation of Lysine Acetylation Regulator-Pathway Correlation

To validate the lysine acetylation regulator-pathway correlation, we manually curated the TCGA database and collected KIRC gene expression data. The GSEA software tool (http://software.broadinstitute.org/gsea/index.jsp) was used to identify KEGG pathways (MSigDB, version 4.0) that show an overrepresentation of up- or downregulated genes between HDAC11 high expression and low expression. Briefly, an enrichment score was calculated for hallmark gene sets by ranking each gene and recording the maximum deviation from zero as the enrichment score.



Statistical Analysis

Statistical analyses were performed using SPSS 17.0 (SPSS Inc., Chicago, IL, USA). All data shown are representative of at least three independent experiments, and values are expressed as the mean ± SD. Differences between two groups were analyzed using the two-tailed unpaired Student’s t-test; P< 0.05 was considered significant.




Results


Widespread Genetic Alterations of Lysine Acetylation Regulators Across Cancer Types

The numbers of lysine acetylation regulators have been identified from functions and mechanisms of non-histone protein acetylation, and they can be broadly classified two groups: KATs and KDACs. We reviewed the literature and curated a catalog of 31 genes that function mainly as regulators of lysine acetylation, including 13 KATs and 18 KDACs (Figure 2A). We first determined the prevalence of lysine acetylation regulator alterations across 6 urological cancer types by integrating data on somatic mutations and copy number variations (CNVs). The overall average mutation frequency of lysine acetylation regulators was low, ranging from 0.0055-0.3443 (Figure 2B and Table S1). Cancer types with a higher global mutation burden (such as BLCA and KIRC) also exhibited a higher mutation frequency in lysine acetylation regulators. We identified that EP300 and CREBBP showed higher mutation frequencies (Figure 2B). Moreover, we found that lysine acetylation regulators in TGCT and KICH exhibited relatively few mutations compared to other cancers. Next the mutation data for 14 cell lines across 2 cancers from the Cancer Cell Line Encyclopedia (CCLE) and 26 cell lines across 3 cancers from the Genomics of Drug Sensitivity in Cancer (GDSC) database were collected. We identified that CREBBP had relatively high mutation frequencies across cancer types (Figure S1 and Tables S2, 3).




Figure 2 | Urilogical tumors genetic and expression alterations of 31 lysine acetylation regulators. (A) The proportion of lysine acetylation regulators. (B) The mutation frequency of lysine acetylation regulators in 6 cancer types. (C) The CNV alteration frequency of lysine acetylation regulators in 6 cancer types. (D) The gene expression alterations of lysine acetylation regulators in TCGA database. (E, F) Box plots showing the expression distribution of KAT2A (E) and HAT1 (F) across tumor and normal samples in 6 cancer types. The blue color represents normal sample, the red color represents tumor sample, the blue color represents seminoma and the light green represents non-seminoma. **P < 0.01; ***P < 0.001.



The CNV alteration frequency for all lysine acetylation regulators, and found that CNV alterations are prevalent in urological cancers. CNV analysis showed that the CNV number of KAT2A, KAT2B, KAT7, KAT8, HDAC5, HDAC7, HDAC9, SIRT4 and SIRT7 were significantly increased in TCGT, KIRP, PRAD, KIRC and BLCA, while decreased in KICH. HDAC9 and SIRT7 showed widespread CNV amplification across cancer types (Figure 2C). While, ESCO2 had prevalent CNV deletions. Similarly, there were also prevalent CNV alterations in lysine acetylation regulators across cell lines (Figure S2). To further know whether these genetic alterations affect the expression of lysine acetylation regulators, we therefore analyzed the expression of lysine acetylation regulators across 6 cancer types. We found that CNV alterations are most likely one of the prominent mechanisms leading to perturbations in the expression of lysine acetylation regulators (Figure 2D).

The lysine acetylation regulators with CNV amplification showed significantly higher expression in cancer cells when compared to normal cells (e.g. KAT2A and ATAT1), while the regulators with CNV deletion showed significantly lower expression (e.g. SIRT6 and SIRT7). Meanwhile, we identified that KAT2A and HAT1 showed significantly differential expression, which was consistent with CNV variation in in 6 urological cancer types (Figures 2E, F). However, KAT2A was not significantly up-regulated in 800 samples based on GEO and EBI database (Figure 3A and Table S4), and EP300 was significantly up-regulated in kidney cancer, PRAD and TGCT (Figure 3B). To further validate the expression of EP300 in urological cancers, immunohistochemistry analysis showed that EP300 was significantly up-regulated in TGCT (100%, n = 12), kidney_tumor (100%, n = 11), BLCA (99%, n = 12) and PRAD (100%, n = 12) (Figures 3C, D). These results indicate that genetic and expression alteration landscape of lysine acetylation regulators across urological cancer types, suggesting that dysregulation of lysine acetylation regulator is involved in urological cancer contexts.




Figure 3 | Expression of lysine acetylation regulators in GEO and EBI database. (A) Fold change of dysregulation genes. Red color represents upregulation genes and blue color represents downregulation genes. (B) The expression of EP300 in four cancer types. The blue color represents normal sample, the red color represents tumor sample. (C) Immunohistochemistry images of EP300 in TGCT, kidney_tumor, BLCA and PRAD. Scar bar = 200um. (D) Protein expression percentage of EP300 analyzed by immunohistochemistry. ns means not significant. *P < 0.05; ***P < 0.001.





Oncogenic Pathways Regulated by Lysine Acetylation Regulators

To further clarify the molecular mechanisms by which lysine acetylation regulators are involved in cancer, we examined the correlation between the expression of individual lysine acetylation regulators and the activity of 50 cancer hallmark-related pathways. We identified that the expression of lysine acetylation regulators is associated with the inhibition or activation of multiple oncogenic pathways (Figure 4A and Table S3). The expression of KAT2A, KAT2B, SIRT3, SIRT5, SIRT6 and SIRT7 in KDACs, HDAC1, HDAC2, HDAC10 and HDAC11 in KATs were negatively correlated with a higher number of activated pathways, such as the MYC_targets, E2F_targets, Protein secretion and G2M checkpoint. In particular, we found that the EP300, ESCO2 and HDAC2 in KATs were correlated with the activation of several pathways (Figure 4B). Meanwhile, different KATs or KDACs were associated with distinct cancer pathway alterations, suggesting different functional effects of lysine acetylation regulators within the same functional class.




Figure 4 | Lysine acetylation regulators are associated with the activation and inhibition of cancer pathways. (A) Network diagram demonstrating the correlation between lysine acetylation regulators and cancer pathways. Red represents a positive correlation, and blue represents a negative correlation. The size of the nodes corresponds to the number of links. (B) The number of pathways is correlated with individual lysine acetylation regulators. The upper panel is for positively correlated pathways, and the bottom panel is for negatively correlated pathways. (C) Correlation among the expression of lysine acetylation regulators. The scatter plot shows the correlation between HDAC10 and SIRT7. (D) The protein-protein interactions among lysine acetylation regulators.



Moreover, to know the interaction of genetic alterations and expression correlation among lysine acetylation regulators, we found not only that genes within the same functional class showed significant co-occurrences of genetic alterations and highly correlated expression patterns, but that a high correlation also existed among KATs and KDACs (Figure 4C). For instance, the acetyltransferase KAT6B was significantly correlated with other acetyltransferases, such as, CREBBP and EP300. We also found that there were higher correlations among genes in the same protein complex, such as HDAC10 and SIRT7 (Figure 2C, R = 0.78 and P = 0). Meanwhile, we found that these KATs and KDACs interacted with each other frequently in protein-protein interaction networks (Figure 4D). There were an especially high number of interactions among the lysine acetylation regulators. Taken together, these results suggest that cross-talk among the KATs and KDACs of lysine acetylation, also mediates the abnormal expression of lysine acetylation regulators and plays critical roles in the development and progression of urological cancers.



Clinical Relevance of Lysine Acetylation Regulators Across Cancer Types

To further explore the clinical relevance of lysine acetylation regulators, we first analyzed prognostic value of lysine acetylation regulators in urological cancers. We found that all of the lysine acetylation regulators were associated with the overall survival of patients in at least one cancer type (Figure 5A). Several lysine acetylation regulator genes showed oncogenic features, such as HDAC11 and SIRT4, and higher expression of these genes was associated with worse survival across cancer types.




Figure 5 | Clinical relevance of lysine acetylation regulators across 6 cancer types. (A) Summary of the correlation between expression of lysine acetylation regulators and patient survival. Red represents a higher expression of lysine acetylation regulator associated with worse survival, and blue represents an association with better survival. Only p values < 0.05 are shown. (B) The distribution of hazard ratios across 6 cancer types. (C) The distribution of hazard ratios across different GEO datasets. (D) Heat map showing the clustering for kidney renal clear cell carcinoma patients based on the expression of lysine acetylation regulators. (E) Kaplan-Meier survival plot of patients grouped by global expression pattern of lysine acetylation regulators.



In particular, high expression of HDAC11 was correlated with worse survival in 6 cancer types (Figure 5B), including BLCA (log-rank P = 0.002), KICH (log-rank P = 0.005), KIRC (log-rank P = 0), KIRP (log-rank P = 0), PRAD (log-rank P = 0.003) and TGCT (log-rank P = 0.006). Moreover, we collected another 4 datasets across three tissues from Gene Expression Omnibus (GEO) and International Cancer Genome Consortium (ICGC), and found that high expression of HDAC11 was associated with poor patient survival in GSE48075 and RECA-EU (ICGC) (Figure 5C). These observations indicate that HDAC11 might function as an oncogene across cancer types. In contrast, we found that several lysine acetylation regulators also showed features of tumor suppressors, such as ESCO2. Higher expression of ESCO2 was significantly associated with better survival in five cancer types.

Moreover, we found lysine acetylation regulators that were associated with patient survival in KIRC. We thus explored whether the expression of lysine acetylation regulators could contribute to the stratification of kidney cancer. Based on the global expression pattern of lysine acetylation regulators, we identified two subgroups of kidney cancer patient (Figure 5D). The first subgroup consisted of 441 patients that showed higher expression of lysine acetylation regulators (Cluster 1), and the second of 86 patients with low expression (Cluster 2). Compared to the Cluster 2 subgroup, patients in the Cluster 1 subgroup had significantly better survival rates (Figure 5E, log-rank P < 0.0001). To further validate the clinical implications of lysine acetylation regulators, based on the mRNA expression of HDAC11 in KIRC, gene set enrichment analysis (GSEA) was performed to identify pathways potentially linked to HDAC11. Pathway analysis based on the KEGG database was performed, which identified 20 pathways with significant differences in gene expression (P < 0.05) (Figure 6A). GSEA analysis showed that hallmarks of cell cycle and oxidative phosphorylation were significantly enriched (Figures 6B, C). To further explore the activity of cell cycle and oxidative phosphorylation, the expression of CDK2 and CCNA2 in cell cycle pathway and the expression of NDUFB8 and SDHB in oxidative phosphorylation pathway were analyzed. The results showed that the high and medium expression percentage of CCNA2 in TCGT (36%, n = 11), kidney_tumor (17%, n = 12), BLCA (33%, n = 12) and PRAD (18%, n = 11) (Figures 6D, E), CDK2 in TCGT (0%, n = 11), kidney_tumor (0%, n = 12), BLCA (1%, n = 11) and PRAD (0%, n = 10) (Figures S3A, B) were up-regulated, while, the high and medium expression percentage of NDUFB8 in TCGT (58%, n = 12), kidney_tumor (73%, n = 11), BLCA (67%, n = 12) and PRAD (73%, n = 11) (Figures 6D, F), SDHB in TCGT (100%, n = 10), kidney_tumor (83%, n = 12), BLCA (100%, n = 9) and PRAD (100%, n = 11) (Figures S3A, C) were up-regulated. The results indicated the cell cycle was significantly inactivated, however, oxidative phosphorylation was significantly activated in urological cancers. Together, these results suggest a diverse potential of lysine acetylation regulators in the prognostic stratification of specific types of urological cancer and in the development of targeted treatment strategies.




Figure 6 | Pathways potentially regulated by HDAC11. (A) Distribution of normalized enrichment scores for pathways. The pathways colored in blue was the depleted pathways in HDAC11 downregulation, while the red one is enriched pathway. (B, C) GSEA-enrichment plot of the representative gene sets. (B) Cell cycle; (C) Oxidative phosphorylation. (D) Immunohistochemistry images of CCNA2 and NDUFB8 in TGCT, kidney_tumor, BLCA and PRAD. Scar bar = 200um. (E, F) Protein expression percentage of CCNA2 (E) and NDUFB8 (F) analyzed by immunohistochemistry.






Discussion

This study demonstrates the prevalent genetic and expression alterations of lysine acetylation regulators across urological cancer types. These lysine acetylation regulators are significantly correlated with the activation and inactivation of cancer pathways, and are also associated with prognostically urological cancers. These results provide new mechanistic understanding of lysine acetylation regulators in urological cancers.

KIRC, BLCA and PRAD are the most common urological cancers (25, 26). Despite improved primary prevention, detection, and treatment, the incidence of age-related cancers of the urinary tract is likely to rise as a result of global population ageing (27, 28). Therefore, it is vital to identify and address the most relevant perturbed genes/proteins for further early detection, investigation, and therapy of urological malignancies.

Dysfunctions in epigenetic and genomics regulation play critical roles in tumor development and progression. KATs and KDACs are functionally opposing epigenetic regulators, which control the activation status of tumor suppressor genes or oncogenes. Upregulation of HDAC activities could result in silencing of tumor suppressor genes and uncontrolled malignant characteristics in urological tumors (29–32). In this study, we comprehensively and systematically explored the genetic alterations and expression perturbations of KATs and KDACs. And we found that the mutation frequency of 31 lysine acetylation regulators, except for CREBBP and EP300, was completely low in KIRP, PRAD, BLCA and KIRC. CNV amplification of acetylation regulators were significantly increased in TCGT, KIRP, KIRC, BLCA and PRAD, while CNV deletion in KICH were found. However, the CNV of HDAC8 and HDAC6 were unchanged in urological cancers. Expression analysis indicated that lysine acetylation regulators were downregulated in KICH, which may be associated with the CNV deletion, while upregulated in other 5 urological cancers, which may be associated with CNV amplification in cancers. However, the expression and prognostic roles of acetylation regulators in urological cancers were not completely consistent. Thus, abnormal expression of acetylation regulators was regulated not only CNV, but also interaction network between acetylation regulators. However, the concrete mechanism still need to be further explored.

Histone deacetylation describes the removal of acetyl groups regulated by KDACs. Widespread genetic alterations (including mutations and CNV) in lysine acetylation regulators were significantly associated with the activation of MYC_targets, E2F_targets, Protein secretion and G2M checkpoint. Histone deacetylase11 (HDAC11), one member of the KDACs family, is associated with condensed chromatin structures that in turn suppress transcription. HDAC11 were significantly up-regulated in 6 urological tumors, GSEA analysis found that dysregulation of HDAC11 was involved in cell cycle and oxidative phosphorylation pathways, which was consistent with hallmarks of acetylation regulators and other studies (33–35). Our immunohistochemistry analysis also validated that cell cycle pathway (CDK2 and CCNA2) was significantly inactivated and oxidative phosphorylation pathway (NDUFB8 and SDHB) was significantly activated, which would may be associated with abnormal expression of acetylation regulators in urological cancers. However, the concrete mechanism of HDAC11 on urological tumors need be further explored.



Conclusion

In summary, this systematic analysis of the landscape of molecular alterations and clinical relevance of lysine acetylation regulators clarifies a profound understanding the dysregulation of lysine acetylation regulators. It will also provide insights into the development of urological cancers.
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Supplementary Figure 1 | Mutation frequency distribution of lysine acetylation regulators across different urological cancer types. Left circos plot (A) showing the mutation frequency of lysine acetylation regulators in CCLE, and right circos (B) showing the mutation frequency in GDSC. Each circos represents one cancer type, which were shown in the bottom panel. *P < 0.05.

Supplementary Figure 2 | CNV alterations of lysine acetylation regulators across cell lines in different urological cancer types. Left circos plot (A) showing the CNV frequency of lysine acetylation regulators in CCLE, and right circos (B) showing the CNV frequency in GDSC. Each circos represents one cancer type, which were shown in the bottom panel.

Supplementary Figure 3 | (A) Immunohistochemistry images of CDK2 and SDHB in TGCT, kidney_tumor, BLCA and PRAD. Scar bar = 200um. (B, C) Protein expression percentage of CDK2 (B) and SDHB (C) analyzed by immunohistochemistry.
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Clear cell renal cell carcinoma (ccRCC) accounts for approximately 4/5 of all kidney cancers. Accumulation of minor changes in the cellular homeostasis may be one cause of ccRCC. Therefore, we downloaded the RNA sequencing and survival data of the kidney renal cell carcinoma (KIRC) cohort from the Cancer Genome Atlas (TCGA) database. After the univariate and multivariate Cox regression analyses, 19 kidney-specific differentially expressed genes (DEGs) were found. Solute Carrier Family 22 Member 12 (SLC22A12) resulted in an independent prognostic predictor for both overall survival (OS) and disease-free survival (DFS). SLC22A12 expression was lower in tumoral tissue compared to normal tissue. Moreover, patients in the SLC22A12 low expression group had a higher pathological stage and worse survival than the high expression group. Additionally, qRT-PCR assay, immunoblotting test (IBT), and immunohistochemical (IHC) analyses of cancer tissues/cells and the corresponding normal controls verified that SLC22A12 is downregulated in ccRCC. Receiver operator characteristic (ROC) curves showed that the low expression level of SLC22A12 could be a good diagnostic marker for ccRCC (AUC=0.7258; p <0.0001). Gene set enrichment analysis (GSEA) showed that SLC22A12 expression levels are related to metabolism, cell cycle, and tumor-related signaling pathways. GO and KEGG analyses revealed that SLC22A12 transports multiple organic compounds, ions, and hormones and participates in the extracellular structure organization. Furthermore, SLC22A12 over-expression in vitro inhibited the proliferation, migration, and invasion of renal cancer cells by regulating PI3K/Akt pathways. Such effects were reversed when knocking out SLC22A12. In summary, as a transporter for many vital metabolites, SLC22A12 may affect tumor cell survival through its impacts on the mentioned metabolites. In conclusion, this study uncovered that SLC22A12 is a promising prognostic and diagnostic biomarker for ccRCC.




Keywords: cellular homeostasis, renal cell carcinoma, biomarker, gene set enrichment analysis, metastasis, solute carrier family, bioinformatic analysis, signal pathway



Introduction

Kidney cancer, also called renal cancer, represents a significant threat to human health, as it develops fatal metastasis in the lung or brain. Kidney cancer mainly includes renal cell cancer (RCC), transitional cell cancer (TCC), and Wilms tumor. RCC accounts for roughly 4/5 of kidney cancers, while most of the other renal cancer are TCC (1–3). According to the American Cancer Society, 73,750 new kidney and renal pelvis cancer cases were estimated in the United States in 2020. Among the diagnosed, 520 were males and 28,230 females, with an estimated 14,830 deaths, including 9,860 males and 4,970 females (4). The five-year survival rate is 93% for patients with localized kidney cancer, 70% with surrounding lymph nodes spread, and 12% with distant metastasis (5). Surgery is the typical treatment for kidney cancer due to the slight response to radiation and chemotherapy. Target therapy is growing, but its capacity to limit the progression is restricted. Therefore, it is crucial to investigate the biological functions and molecular mechanisms involved in kidney cancer in order to find new therapeutic targets.

Maintaining homeostasis is essential for a healthy body, and the same happens in the constituent cells. Complex intracellular reactions occur to maintain the level of various biological macromolecules, including multiple enzymes, transporters, kinases, and cytokines. The environment where epithelial cells live is more complicated than normal cells. Since there is an active exchange of substances, a considerable accumulation of metabolic waste, and a distinctive osmotic pressure difference, it is more challenging to maintain cellular homeostasis. During the adaptation to this harsh environment, epithelial cells have developed a cloning strategy to replace the exfoliated cells. This strategy contributes to dyshomeostasis, tumorigenesis, and differential protein expression profile. Unfortunately, the connection between cellular homeostasis and tumorigenesis has not been thoroughly studied. Since we consider this a critical pathophysiological aspect, we aim to study oncogenes or tumor suppressor genes specifically expressed in the kidney. Finding differentially expressed genes in kidney cancer will contribute to a deeper understanding of this cancer and could also help to identify new prognostic biomarkers. Moreover, potential new drugs against these targets may be safer since they will not harm other organs and tissues.

We found that Solute Carrier Family 22 Member 12 (SLC22A12), a tissue-specific gene, played an important role in the occurrence and development of kidney cancer. SLC22A12, also known as Urate Transporter 1(URAT1) or Renal-Specific Transporter (RST), is a membrane protein located in epithelial cells of the kidney proximal tubule. Initially, it was considered a urate transporter (6–10); however, later studies proved that it is involved in pharmacodynamics (11–14). It can transport glucose and other sugars, bile salts and organic acids, metal ions and amine compounds (10, 13, 15–18). To the best of our knowledge, the relationship between SLC22A12 and ccRCC has not been disclosed yet.

We screened the TCGA data set to discover differentially expressed genes (DEGs) in kidney cancer. As a result, we found 19 kidney-specific genes that regulate cell homeostasis. Using Cox regression analyses, we discovered that SLC22A12 has a significant impact on patient survival. Our results demonstrate that SLC22A12 low expression predicted a poor prognosis in ccRCC. Additionally, an in vitro experiment confirmed its role as a tumor suppressor. Gene set enrichment analysis, and protein-protein interaction (PPI) network strengthened the hypothesis that SLC22A12 contributes to the homeostasis regulation in ccRCC.



Materials and Methods


Dataset

The data were gathered from the Cancer Genome Atlas (TCGA) project (https://portal.gdc.cancer.gov/), cBioPortal for Cancer Genomics (http://www.cbioportal.org/), UCSC Xena browser (https://xenabrowser.net/), and International Cancer Genome Consortium (ICGC, https://dcc.icgc.org/), including gene expression datasets (RNA sequencing, RNA‐seq) on kidney renal clear cell carcinoma (KIRC) patients, as well as corresponding demographic (age, gender), clinicopathological [American Joint Committee on Cancer (AJCC) T stage, N stage, M stage, G stage and clinical stage] and survival (overall survival, disease-free survival) information (19, 20). Patients without survival information were eliminated from further evaluation.



Screening of the Critical Gene Involved in Cellular Homeostasis in ccRCC

The gene set of cellular homeostasis was downloaded from the Gene Ontology (GO) Resource (http://geneontology.org/). Kidney-specific gene set was gathered from the Human Protein Atlas (https://www.proteinatlas.org/). Differential expressed gene set was acquired by “limma” package (21–23) with a cut-off value of p<0.05 by R 4.0.2. Then a Venn diagram was depicted to obtain the intersection of three gene sets for further study. Pan-cancer profile of SLC22A12 was gathered from Gene Expression Profiling Interactive Analysis (GEPIA, http://gepia.cancer-pku.cn/) (24).



ccRCC Tissue Samples

A total of 120 pairs of ccRCC and their adjacent normal renal tissues were sampled from patients aged 22-79 years old between May 2015 and May 2018 at the Department of Urology, Union Hospital, Tongji Medical College, Huazhong University of Science and Technology (Wuhan, China). The adjacent normal renal tissues were collected more than 2 cm away from the edge of the tumor site. The proteins extracted from 16 pairs of these resected samples were analyzed via immunoblotting test. The RNAs extracted from 20 pairs of samples were analyzed via reverse transcription-quantitative PCR (qRT-PCR). Two pairs of tissues were analyzed via immunohistochemistry (IHC). Three pairs of tissues were analyzed by whole transcriptome sequencing in 2017. The basic clinical characteristics (age, gender, tumor size, tumor location and tumor stage) of the patients are presented in Table S2 (25). No patients had received any adjuvant anticancer therapy prior to or following surgery. The present study was approved by the Human Research Ethics Committee of Huazhong University of Science and Technology. Written informed consent was provided by the patients or the patients’ family. The study methodologies conformed to the standards set by the Declaration of Helsinki.



Cell Culture

The human renal proximal tubular epithelial cell line HK-2, and five types of human renal cell carcinoma cell lines purchased from the American Type Culture Collection (ATCC, USA), including 786-O, ACHN, A-498, OSRC-2 and Caki-1, were employed in the present study. The cells were cultured in high glucose Dulbecco’s Modified Eagle’s Medium (DMEM; Gibco, USA) containing 10% fetal bovine serum (FBS; Gibco, USA) and 1% penicillin-streptomycin solution (Servicebio, China) and incubated in a humidified atmosphere with 5% CO2 at 37°C.



Immunoblotting Test (IBT)

Cells and tissues were lysed in Radio Immunoprecipitation Assay (RIPA) Lysis Buffer (Beyotime, China) containing protease inhibitors. Then the protein concentration of each sample was measured using a BCA Protein Assay Kit (Beyotime, China). For IBT, 15 µg proteins were separated via SDS-PAGE (12% gel) at 90-120 mV for 90 min and transferred to a polyvinylidene difluoride (PVDF) membrane (Invitrogen, USA) at 300 mA for 60 min. Afterwards, the PVDF membranes were blocked with 2.5% bovine serum albumin (BSA) for 2 h at room temperature and then incubated with specific primary antibodies overnight at 4°C. The primary antibody used in this paper: anti-SLC22A12(14937-1-AP), 1:1,000, Proteintech, China; anti-GAPDH(AC002), 1:5,000, Abclonal, China; anti-PI3K(PAB43806), 1:2,000, Bioswamp, China; anti-p-PI3K(PAB43641-P), 1:2,000, Bioswamp, China; anti-AKT1(A17909), 1:3,000, Proteintech, China; anti-p-AKT1(ab81283), 1:3,000, Abcam, US. Following incubation with the primary antibodies, the membranes were incubated with specie-matched secondary antibodies (AS014/AS003, 1:3,000; Abclonal, China) for 2 h at room temperature following washing with PBST for 30 min. Finally, the protein bands were visualized with Electrochemiluminescence (ECL) Western Blotting Substrate (Ultra sensitivity; Biosharp, China) using ChemiDoc-XRS+ (Bio-Rad, China).



RNA Extraction and qRT-PCR

Total RNA was isolated from tissues or cells using Ultrapure RNA Kit (CoWin Biosciences, China) directed by the manufacturer’s protocols. The concentration and purity of the RNA solution were detected using Tecan’s Infinite M200 Pro (Thermo Fisher Scientific, USA). Extracted RNA was then reverse transcribed into cDNA using PrimeScript™ RT Master Mix (Takara, Japan) according to the manufacturer’s protocols. The reaction conditions were as follows: 37°C for 15 min; 85°C for 5 sec. Subsequently, the cDNA was diluted at a proper concentration and subjected to qPCR using AceQ® qPCR SYBR Green Master Mix (Vazyme, China) on CFX Connect Real-Time PCR Detection System (Biorad, China) according to the manufacturer’s protocols. The qPCR conditions were as follows: pre-denaturation at 95°C for 5 min; 40 cycles of denaturation at 95°C for 10 sec; annealing and extension at 60°C for 30 sec. The housekeeping gene, GAPDH, was used to normalize the relative expression of SLC22A12 as an endogenous control by the comparative Ct (threshold cycle) method (2−ΔΔCt). All qRT-PCR reactions were performed in duplicate. The primers used to amplify SLC22A12 and GAPDH were chemically synthesized by TSINGKE, China. The primer sequences were as follows: SLC22A12: 5′- TCT CCA CGT TGT GCT GGT TC -3′ (forward) and 5′- GGA TGT CCA CGA CAC CAA TGA -3′(reverse); GAPDH: 5′- CGT GGA AGG ACT CAT GAC CA -3′ (forward) and 5′- GCC ATC ACG CCA CAG TTT C -3′ (reverse).



Immunohistochemistry (IHC) Assay

The IHC assay was performed as previously described. Briefly, ccRCC tissues and adjacent normal tissues were sequentially fixed in formalin at room temperature for 12 h, dehydrated and embedded in paraffin. Tissue sections were then incubated with a rabbit antibody against SLC22A12 overnight at 4°C. They were then rinsed three times with PBS and incubated with secondary antibodies that were conjugated to horseradish peroxidase at room temperature for 2 h. Finally, tissues were observed in three randomly selected fields under a light microscope (Olympus CX41-32C02; Olympus, Japan) at 40, 100, and 200× magnification.



Transient Transfection for Overexpression and Knockdown of SLC22A12

Plasmids overexpressing SLC22A12 and a negative control (Vector) were constructed by Vigene Biosciences (Shandong, China). Small interfering RNA (siRNA) oligonucleotide sequences specifically targeting SLC22A12 (si-SLC22A12) and a negative control (si-NC) siRNA were synthesized by Guangzhou RiboBio and verified no off-target effects by Basic Local Alignment Search Tool (BLAST, https://blast.ncbi.nlm.nih.gov/Blast.cgi). For transient transfection, ACHN and 786-O cell lines were incubated in 6-well plates until they reached 70% confluence. 10μg per well of plasmids (vector or SLC22A12) or 0.1 nmol per well of siRNAs (si-SLC22A12 or si-NC) were transfected with Invitrogen Lipofectamine® 2000 (Thermo Fisher Scientific, USA) according to the manufacturer’s protocol. Cells were collected for subsequent experiments 48 h post-transfection. The si-SLC22A12 sequence was as follows: 5′- TCA CCT GCA TCA CCA TCT A -3′.



Colony Formation Assay

ACHN and 786-O cells had been transfected with plasmids or siRNAs for 48 h before subsequent experimentation. Cells were inoculated on 6-well plates at a cell density of 1×103 cells per well with 2 mL of medium. After culture for 10 days, cells were fixed with methanol for 10 min and stained with crystal violet for 20 min. After PBS wash and air drying, colonies (>50 cells) were manually counted. All experiments were independently repeated in duplicate.



5-Ethynyl-2′-deoxyuridine (EdU) Assay

EdU assay was implemented in ACHN and 786-O cells according to manufacturer’s protocol by use of the BeyoClick™ EdU-647 Cell Proliferation Kit (Beyotime, China). After transfection, cells (1 × 105 per well) were seeded into 6-well plates. 24 h later, 10μM EdU medium was added into cells for 2 h. Next, 4% paraformaldehyde (PFA) was added for 15-min fixing. After three-time rinse by washing buffer (3% BSA), cells were washed by permeabilization buffer (0.3% Triton X-100) for 15 min. After one-time rinse by washing buffer, Click additive reaction system was added to label the proliferated cells and Hoechst 33342 was added for cell counting. Finally, cells were visualized using fluorescence microscope (Olympus, Japan). Each independent experiment was carried out in duplicate.



Cell Counting Kit-8 (CCK8) Assay

ACHN and 786-O cells had been transfected with plasmids or siRNAs for 48 h before subsequent experimentation. Cells were inoculated on 96-well plates at a cell density of 1×103 cells per well with 100 µl of medium. A cell proliferation assay was performed using Cell Counting Kit-8 (CCK8; MedChemExpress, USA) at a concentration of 10μl in 100μl serum-free medium every 24 h for four days according to the manufacturer’s protocols. After incubation for 2 h at 37°C, the optical density of each well was measured at 450 nm with a spectrophotometer to measure the quantity of living cells. Finally, the absorbance of cells over four days were plotted in a graph for a reflection of cell proliferation rate.



Cell Migration and Invasion Assays

ACHN and 786-O cells had been transfected with plasmids or siRNAs for 48 h before subsequent experimentation. Prior to the assays, cells were incubated in serum-free DMEM for 6-8 h. Boyden Transwell chambers and 24-well plates (Corning, USA) with 8-µm membrane filters were used in the migration and invasion assays. Serum-starved cells (1×105) were seeded into the upper chambers in serum-free medium, and the lower chambers were filled with DMEM containing 10% FBS. After incubation for 24 h at 37°C, the lower chamber was washed twice with PBS and fixed with 100% methanol for 10 min at room temperature and stained with 0.1% crystal violet dye for 20 min at room temperature. Following washing the chamber again three times with PBS, non-migrated and non-invaded cells were carefully removed from the upper chamber with a cotton bud. Migrated cells in lower chambers were observed in five randomly selected fields under a light microscope (Olympus CX41-32C02; Olympus, Japan) at 400× magnification. Based on the migration assay, a cell invasion assay was performed in Matrigel-coated Transwell insert chambers (BD Biosciences, USA), which had already been incubated at 37°C for 6-8 h, with double cell numbers. The remaining procedure was the same as described for the cell migration assays.



Bioinformatics Analyses

The median of SLC22A12 expression was set as the cutoff point for dividing patients into high and low expression groups. To determine which SLC22A12 signaling pathways were involved in the pathogenesis of ccRCC, a gene set enrichment analysis (GSEA; http://www.broadinstitute.org/gsea) was used with the curated gene sets (c2.all.v7.1.symbols.gmt) that integrate Kyoto Encylopedia of Genes and Genomes (KEGG), Biocarta Pathways dataset, Reactome Pathway Database and Pathway Interaction Database (PID). For the enriched gene sets, after performing 1,000 permutations, the false discovery rate (FDR) value <0.25 and the p<0.05 were considered statistically significant enriched pathways (26). The KEGG and Gene Ontology (GO) analyses of DEGs between high and low SLC22A12 expression groups were conducted by R 4.0.2.



Statistical Analyses

As seen in the previous article (27), statistical analyses were performed using GraphPad Prism version 7.0. The numerical data of each group are presented as the mean ± standard deviation. The significant differences in SLC22A12 expression between each ccRCC subgroup were analyzed using a Student’s t-test. A paired Student’s t-test was used to analyze SLC22A12 expression in tumor tissues and matched normal kidney tissues. The associations between SLC22A12 expression and clinicopathological characteristics in patients with ccRCC were evaluated using Pearson’s χ2 test. Receiver operator characteristic (ROC) curves and areas under the curve (AUC) were used to calculate the diagnostic values of SLC22A12 expression in patients with ccRCC. The association between SLC22A12 expression and OS was investigated using Kaplan-Meier curves with log-rank tests. p<0.05 was considered a statistically significant difference.




Results


SLC22A12 Is an Essential Kidney-Specific Tumor Suppressor Gene That Maintains Cell Homeostasis

One of the aims of this work was to identify the critical genes for cellular homeostasis in ccRCC. For that purpose, we screened three independent gene sets: DEGs set in TCGA datasets, kidney-specific gene sets, and cellular homeostasis gene sets. As a result, we found that only 19 genes belonged to the three gene sets (Figure 1A). Next, univariate Cox regression analyses were performed to explore the relationship between the gene expression levels and patient survivals. As shown in Figures 1B, C, among all 19 genes, only SLC22A12, PTH1R, MT1G, and SLC34A1 expression significantly impacted overall survival (OS) and disease-free survival (DFS). Multivariate Cox analyses (Figures 1D–K) and clinicopathological data confirmed that SLC22A12 is an independent risk factor in both OS and DFS and has a better prognostic value. No other cancer transcriptome profile included SLC22A12, except for two sarcoma samples (SARC) (Figures 2A, B) (24). Apart from that, SLC22A12 was only expressed in the kidney (KIRC: Kidney renal clear cell carcinoma; KIRP: Kidney renal papillary cell carcinoma; KICH: Kidney Chromophobe). From the results above, SLC22A12 was selected as the principal gene for further investigation.




Figure 1 | Screening of critical genes involved in cellular homeostasis in ccRCC. (A) Venn diagram selects 19 kidney-specific DEGs involved in cellular homeostasis. (B, C) Univariate Cox regression analyses of 19 selected genes select SLC22A12, PTH1R, MT1G and SLC34A1 as four prognostic biomarkers. Left: OS; right: DFS. (D–K) Multivariate Cox regression analyses of four candidate prognostic biomarkers along with clinicopathological characteristics select SLC22A12 as the critical gene. Middle row: OS; bottom row: DFS.






Figure 2 | Transcriptome profile of SLC22A12 of kidney cancer in TCGA database. (A) Transcriptome profile of SLC22A12 in multiple types of cancers and their corresponding normal tissues in TCGA database. (B) Distribution of SLC22A12 RNA expression levels across organs. The mRNA expression levels of SLC22A12 were lower in (C) 522 ccRCC tissues than in 72 para-cancer tissues, (D) 72 ccRCC tissues than in 72 corresponding adjacent normal tissues. SLC22A12 expression was lower in (E) male, (F, G) higher T stage, (H) higher M stage, (I, J) higher G stage, (K) higher N stage, and (L, M) higher AJCC clinical stage. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





SLC22A12 Downregulation Is Associated With Various Types of Clinicopathological Characteristics in ccRCC

Data of SLC22A12 mRNA expression levels in ccRCC tissues and para-cancer tissues were downloaded from the TCGA database to understand the role of SLC22A12 expression in tumorigenesis. The results suggest that SLC22A12 expression in tumor tissues was significantly lower than in para-cancer tissues (Figures 2C, D). Similar results were found in the ICGC database (Figures S1A, B). In addition, we studied the connection between SLC22A12 expression and the clinicopathological characteristics. We found that a decrease in the gene expression was associated with increasing primary tumor (T stage), regional lymph node (N stage), distant metastasis (M stage), histologic grade (G stage), and AJCC prognostic stage (Figures 2F–M). Also, SLC22A12 expression was lower in females (Figure 2E).



SLC22A12 Downregulation Indicates a Poor Clinical Prognosis

Kaplan-Meier survival analysis with log-rank test was applied to determine the association between patients’ survival and SLC22A12 expression. From the TCGA database, 522 patients with ccRCC were divided into two groups using the SLC22A12 mRNA expression median as the cutoff criteria. The results revealed that the lower SLC22A12 expression group had the poorest OS and DFS (Figures 3A, B). The survival data from the ICGC-RECA cohort showed a similar pattern of results (Figure S1C). Kaplan-Meier survival analyses regarding SLC22A12 expression in ccRCC patients with different clinicopathological characteristics were in line with the previous results (Figures 3C–Q). The present findings indicate that SLC22A12 could have a prognostic value in ccRCC since its decreased expression resulted in poor patient outcomes.




Figure 3 | Low SLC22A12 mRNA expression is associated with both poor OS and DFS in patients with ccRCC. Patients with lower SLC22A12 mRNA expression levels harbor worse (A) OS and (B) DFS. The similar results were obtained from (C–Q) subgroup of patients with ccRCC.





SLC22A12 Expression Levels Could Be Valuable for ccRCC Clinical Diagnosis

To explore the diagnostic value of SLC22A12 in ccRCC, ROC curves were plotted to assess the clinicopathological characteristics of the patients. In general, ccRCC could be properly differentiated from normal tissues using SLC22A12 expression levels with an AUC of 0.7258 (p < 0.0001; Figure 4A) in the TCGA-KIRC cohort and 0.8926( p< 0.0001; Figure S1D) in the ICGC-RECA cohort. Furthermore, the diagnostic value of SLC22A12 expression levels was analyzed between clinicopathological subgroups: male vs. female (AUC=0.6706; p < 0.0001; Figure 4B); T1 + T2 vs. T3 + T4 stage (AUC=0.6129; p < 0.0001; Figure 4C); N0 vs. N1 stage (AUC=0.6959; p=0.0110; Figure 4D); M0 vs. M1 stage (AUC=0.6189; p=0.0009; Figure 4E); AJCC stage I + II vs. stage III + IV (AUC=0.6145; p < 0.0001; Figure 4F); G1+G2 vs. G3+G4 (AUC=0.0.6007; p < 0.0001; Figure 4G). Conclusively, SLC22A12 may be a potential diagnostic biomarker for clear cell renal cell carcinoma.




Figure 4 | SLC22A12 expression may be a diagnostic predictor in patients with ccRCC. (A) SLC22A12 effectively discriminated between ccRCC and normal tissues. Receiver operating characteristic curve subanalysis were performed for the following subgroups of patients with ccRCC: (B) gender, (C) T stage, (D) N stage, (E) M stage, (F) AJCC clinical stage, (G) G stage. AUC, area under curve; OS, overall survival; DFS, disease-free survival.





SLC22A12 Is Down-Regulated in ccRCC Cells and Tissues

qRT-PCR and IBT were performed to verify the expression levels of SLC22A12 in RCC cells. SLC22A12 mRNA and protein expression levels in RCC cell lines (786-O, ACHN, A-498, OSRC-2, and Caki-1) were decreased compared to the normal cell line HK-2 (Figures 5D, E). In contrast, SLC22A12 expression levels were notably elevated in ccRCC tissues compared to their corresponding adjacent normal tissues (Figures 5A–C). Our own RNA-Seq cohort also suggested a SLC22A12 downregulation in tumoral tissues(Figure 5F). Furthermore, IHC results from cancer/para-cancer pairs (Figures 5G and S2) suggest that SLC22A12 was primarily located in the plasma membranes of both cancer and normal renal tubular epithelial cells; however, it was down-regulated in cancer cells. Generally, these results collectively indicate that SLC22A12 is under-expressed in kidney cancer cells.




Figure 5 | SLC22A12 was down-regulated in RCC cells and tissues compared to their corresponding control. Relative mRNA expression of SLC22A12 was lower in RCC (A) tissues and (D) cells than their normal control measured by qRT-PCR assays. Relative protein expression of SLC22A12 was lower in RCC (B, C) tissues and (E) cells than their normal control measured by immunoblotting tests. (F) Transcriptomic levels of SLC22A12 in normal and tumoral tissues gathered from Wuhan Union Hospital’s cohort. (G) Representative images of immunohistochemical analyses suggested a lower SLC22A12 expression in tumoral tissue. ****p < 0.0001.





SLC22A12 Restricts the Proliferation, Invasion, and Migration of RCC Cells In Vitro

RCC cell lines were transfected with SLC22A12 plasmid or si-SLC22A12 to investigate the function of SLC22A12 on the pathobiology of renal cancer. The mRNA and protein expression levels increased or decreased significantly in ACHN and 786-O cells compared with the corresponding negative control (Figures 6A–C). Cell viability was analyzed by colony formation (Figures 6D), EdU (Figures 6E, F) and CCK-8 assays (Figure 6G) in both cell lines, where we observed that SLC22A12 silencing promoted cell proliferation. Moreover, transwell assays verified that the SLC22A12 expression level negatively correlates with the cells’ ability to migrate and invade (Figures 6H). Collectively, these results provide us with solid evidence suggesting that SLC22A12 suppresses RCC cell proliferation, migration, and invasion, which play an essential role in tumor metastasis.




Figure 6 | SLC22A12 promotes RCC cells proliferation, migration and invasion in vitro. (A) qRT-PCR assays and (B, C) immunoblotting test of SLC22A12 overexpression and knockdown in 786-O and ACHN cells. (D) Colony formation assays and (E, F) representative images (400X) of EdU assays of SLC22A12 overexpression in 786-O and ACHN cells. (G) CCK-8 assays examined the proliferation ability of 786-O and ACHN cells after SLC22A12 overexpression or knockdown with their corresponding negative controls. (H) Representative images (200X) of invasion and migration assays of 786-O and ACHN cells after SLC22A12 overexpression or knockdown with their corresponding negative controls. Data are presented as the mean ± standard deviation from three independent experiments. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.





SLC22A12 Is Involved in Multiple Biological Pathways That Regulate Cellular Homeostasis and ccRCC Pathogenesis

Multiple functional enrichment analyses were performed using the TCGA-KIRC cohort to study the SLC22A12 role in ccRCC pathogenesis. As demonstrated in Figures 7A–C, activated gene sets are associated with multiple metabolic pathways (Figure 7A), cell cycle (Figure 7B), and tumor-related signaling pathways (Figure 7C). The enrichment of metabolic pathways, including glycerolipid [normalized enrichment score(NES)=-2.15, p<0.001, FDR=0.053], fatty acid (NES=-2.23, p<0.001, FDR=0.047), glucose (NES=-2.02, p=0.008, FDR=0.070), amino acids and derivatives (NES=-2.20, p=0.002, FDR=0.046), and steroids (NES=-1.90, p<0.001, FDR=0.104) indicated that the role of SLC22A12 on the transport of metabolites may also partially regulate metabolic processes. The enrichment of tumor-related pathways, including Akt pathway (NES=-2.04, p=0.004, FDR=0.068), Wnt pathway (NES=-1.95, p=0.008, FDR=0.087), p53 pathway (NES=1.95, p=0.012, FDR=0.243), mTOR signaling pathway (NES=-1.74, p=0.021, FDR=0.141), MAPK (NES=-1.89, p=0.014, FDR=0.107) pathway, Hedgehog signaling pathway (NES=-1.79, p=0.042, FDR=0.129) and ERKs pathway(NES=-2.03, p=0.008, FDR=0.068), suggested that abnormally expressed SLC22A12 may activate various cancer pathways that promote ccRCC occurrence or development. The activation of PI3K and Akt pathways in SLC22A12 down-regulated cells was validated by IBT (Figure S5). The GO and KEGG analyses indicate that SLC22A12 is involved in the transport of multiple organic compounds, ions, and hormones, as well as extracellular structure organization (Figures 7D, E).




Figure 7 | Functional enrichment analysis of SLC22A12 in ccRCC. Gene set enrichment analysis show that the activated genes are related to (A) multiple metabolic pathways, (B) cell cycle, (C) classic cancer-related signaling pathways. The functional differences between high-SLC22A12 and low- groups by (D) Gene Ontology analysis and (E) Kyoto Encylopedia of Genes and Genomes.





SLC22A12 Interacts With Various Proteins That Regulate Cellular Homeostasis

To further investigate how SLC22A12 affects cellular homeostasis, we performed a PPI network analysis on the String database (https://string-db.org/) and selected the 20 proteins with the highest confidence. As shown in Figure S3 and Table S1, most of the proteins are related to homeostasis maintenance. For example, SLC2A5 and SLC2A9 are involved in glucose and fructose transportation; SLC38A3 transports amino acids, while SLC5A8 and SLC16A9 transport various monocarboxylates. Also, many ion pumps essential for the exchange of substances are associated with SLC22A12. Moreover, heatmap of those genes that associated to SLC22A12 showed that most of them were expressed differentially in tumoral tissue compared to normal tissue, suggesting a completely different profile of cellular homeostasis in ccRCC (Figure S4). Altogether, SLC22A12 may interact with these proteins that regulate tumor cell homeostasis, thereby affecting cell proliferation, invasion, and migration.




Discussion

RCC is among the 3% of the cancers with the highest morbidity in western countries (28). During the last two decades, RCC mortality worldwide has increased 2% per year. As a result, in 2018 within the European Union, 99,200 new cases and 39,100 kidney cancer-specific deaths were estimated (28). Regionally localized RCC has a 65–90% five-year survival rate, decreasing considerably as the tumor spread. Clear-cell RCC (ccRCC), the principal cause of renal cell carcinoma, is named after its microscopic characteristics. ccRCC cells contain a clear cytoplasm surrounded by a distinct cell membrane and round and uniform nucleus. Generally, ccRCC has a worse prognosis than papillary RCC (pRCC) and chromophobe RCC (chRCC) (29, 30), which is a big hazard for human beings. At the moment, surgery is considered the most effective treatment, although it cannot treat metastatic cancer (31–33). Targeted therapy that activates the immune system or inhibits growth factors is also employed in ccRCC patients, but drug resistance development restricts its use (34). Nevertheless, researchers have been working on new tumor-related targets involved in multiple biological processes (25, 35–42)since there is still a need for new therapeutic targets.

An ideal therapeutic target has high specificity. The idea is to attack tumor cells without affecting normal cells and target diseased organs without affecting healthy organs. Considering this, we used proteomics to study kidney-specific genes that are differentially expressed in the kidney. This means the target selected in this study is distinctive of ccRCC and has great potential as a specific drug target.

Maintenance of internal homeostasis is an essential aspect of a normal cell. Tumoral cells alter their homeostasis to adapt to their intense function, including proliferation, invasion, migration, etc. Additionally, homeostasis alterations may also support tumor development. A cellular homeostasis gene set was applied in this study that comprises various enzymes, transporters, kinases, and cytokines.

Herein, in order to find the overlapping functions of SLC22A12, we analyzed three gene sets: kidney-specific genes, cellular homeostasis genes, and survival-related DEGs. From the 19 overlapping genes, 13 were transporters, including TRPV5, SLC22A12, SLC9A4, SLC9A3, ATP6V1B1, SLC12A1, ATP6V0D2, SLC12A3, SLC4A9, ATP6V0A4, CLDN16, SLC34A1, and ATP6V1G3. It is well-known that kidney epithelial cells frequently exchange substances through diverse transporters located in the plasma membrane to preserve cellular homeostasis. The results show that kidney cell tumorigenesis is associated with cellular transporters changes.

Using univariate and multivariate Cox regression analyses, SLC22A12 came out as an effective prognostic biomarker, independent of other clinicopathological features. RCC prognosis depends on clinicopathological characteristics that include clinical symptoms, pathology, and histology; hence, transcriptomic data should also be evaluated. Our further experiments preliminarily verified the inhibitory effect of SLC22A12 expression on ccRCC.

Previous studies on SLC22A12 focused on its function as uric acid transporter. Mutations in the SLC22A12 gene are associated with diseases with abnormal serum uric acid levels, including hypouricemia (43, 44), hyperuricemia (45–47), gout (43, 45, 48), and nephrolithiasis (49). Nevertheless, SLC22A12 is not the only uric acid transporter, and it does not transport solely uric acid. Although urate processing is affected when SLC22A12 is knocked out in mice (15, 50), it was soon discovered that this effect was limited since SLC2A9 and ABCG2 played a central role in uric acid transport (50–52). Metabolomic and transcriptomic studies on SLC22A12 knockout mice revealed that URAT1 has a broader role in metabolism than previously recognized. According to Eraly et al., SLC22A12 directly interacted with urate, acetoacetate, lactate, 2-oxoglutarate, and pyruvate and affected the levels of many other essential substances, including calcium, norepinephrine, dopamine, D-fructose, glycerol, and cytidine (15). GO and KEGG analyses further proved that DEGs related to the expression of SLC22A12 were involved in the transportation of organic acid/anion, (mono)carboxylic acid, and sodium ion and hormone metabolic processes, which can affect cellular homeostasis. A similar pattern of results was obtained in the PPI network, where a strong confidence correlation was found between SLC22A12 and a large number of other transport proteins. SLC22A12 affects the organization of collagen-containing extracellular matrix. This may alter tumor growth and promote ccRCC cell proliferation, invasion, and migration, as well as activation of angiogenesis, which collectively determine the phenotype of the tumor. In summary, SLC22A12 may affect tumor progression and metastasis by affecting its cellular homeostasis.

To the best of our knowledge, the present study is the first to disclose that SLC22A12 may be a potential diagnostic and prognostic biomarker that inhibits tumor progression in ccRCC. Furthermore, this study showed that SLC22A12 up-regulation attenuates RCC cell proliferation, migration, and invasion, further proving that SLC22A12 could be used as a therapeutic target for ccRCC. However, the present study presents some limitations. First, we only verified the anti-tumor effect of SLC22A12 through in silico and in vitro experiments, without relevant in vivo data. Second, we have not thoroughly studied the mechanism by which SLC22A12 exerts its tumor suppressor effect. Our future research will be focused on overcoming such limitations.

In conclusion, this is the first study that demonstrates that high expression levels of SLC22A12 are associated with poor survival and low clinicopathological stage in patients with ccRCC. Furthermore, high expression levels of SLC22A12 may decrease the proliferation, migration, and invasion ability of RCC cells in vitro. The above results suggest that SLC22A12 is an important renal cancer biomarker and a potential highly-specific therapeutic target. SLC22A12 downregulation may impact cellular homeostasis, altering the survival of the tumor cells.
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This study aimed to compare the cancer-specific survival (CSS) and overall survival (OS) of nephrectomized patients with non-metastatic renal cell carcinoma (nmRCC) and local recurrence without distant metastasis (LR group), those with metastasis without local recurrence (MET group), and those with both local recurrence and metastasis (BOTH group). This retrospective multicenter study included 464 curatively nephrectomized patients with nmRCC and disease recurrence between 2000 and 2012; the follow-up period was until 2017. After adjusting for significant clinicopathological factors using Cox proportional hazard models, CSS and OS were compared between the MET (n = 50, 10.7%), BOTH (n = 95, 20.5%), and LR (n = 319, 68.8%) groups. The CSS and OS rates were 34.7 and 6.5% after a median follow-up of 43.9 months, respectively. After adjusting for significant prognostic factors of OS and CSS, the MET group had hazard ratios (HRs) of 0.51 and 0.57 for OS and CSS (p = 0.039 and 0.103), respectively, whereas the BOTH group had HRs of 0.51 and 0.60 for OS and CSS (p < 0.05), respectively; LR was taken as a reference. The 2-year OS and CSS rates from the date of nephrectomy and disease recurrence were 86.9% and 88.9% and 63.5% and 67.8%, respectively, for the LR group; 89.5% and 89.5% and 48.06% and 52.43%, respectively, for the MET group; and 96.8% and 96.8% and 86.6% and 82.6%, respectively, for the BOTH group. Only the LR and BOTH groups had significant differences in the 2-year OS and CSS rates (p < 0.05). In conclusion, our study showed that the LR group had worse survival prognoses than any other group in nephrectomized patients with nmRCC.
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Introduction

Globally, the number of incidentally diagnosed localized non-metastatic renal cell carcinomas (nmRCCs) has increased due to improvements in diagnostic modalities (1). Given that the radical removal of primary RCC by partial or complete nephrectomy is the standard treatment for nmRCC, approximately 7–30% of surgically treated RCCs recur within 5 years (2), and another 20–40% of RCCs progress to metastasis after curative surgery, resulting in a poor 5-year overall survival (OS) of <20% (3–5). Both clinicians and researchers have attempted multiple times to overcome the diverse and unpredictable survival outcomes of local recurrence (LR) and distant metastasis in patients with nmRCC after nephrectomy, and various definitions of disease recurrence in multiple cohorts have shown different prognostic outcomes (4–7). Several predictive factors of OS and CSS, such as the interval between nephrectomy and LR or metastasis development, the characteristics of recurrent or metastatic tumors, and the different pathological and genetic backgrounds of primary tumors, have been suggested (5–7). However, some guidelines recommend a 5-year follow-up period, which is not adequate to manage RCC as it either presents with delayed LR or only as metastasis without LR (MET) in approximately 5–10% of patients, even after a 5-year disease-free period, due to its heterogenetic, intratumoral, and distinct histological characteristics (4–6). Therefore, researchers have put extensive efforts for several decades into finding significant predictive markers for LR and MET in RCC, after either radical or partial nephrectomy. Such markers can predict patients with a high risk of LR and MET after nephrectomy, even with clear resected margins.

This study aimed to assess the predisposing characteristics and survival prognoses of patients with LR and no metastasis (LR group), those with metastasis and no LR (MET group), and those with LR and metastasis (BOTH group). The data of 464 patients who underwent RCC nephrectomy with postoperative disease recurrence were collected retrospectively from six Korean institutions. The patients in this study either underwent nmRCC radical or partial nephrectomy with a follow-up period until the end of 2017. Survival prognosis analysis focused on the OS and cancer-specific survival (CSS) for all groups.



Materials and Methods


Ethical Statement

This retrospective study was approved by the institutional review board of the National Cancer Center (approval number: NCC 2018–0045 and B1202/145-102), which waived the requirement for informed consent due to the retrospective nature of this study (8–10). All study procedures were performed in accordance with the tenets of the ethical guidelines and regulations of the Ethical Principles for Medical Research Involving Human Subjects of the World Medical Association Declaration of Helsinki.



Patient Criteria and RCC Database

Data of the 4,246 enrolled patients with RCC were obtained from two multicenter RCC databases—the nmRCC (8) and mRCC (9) databases—that were obtained from the Multicenter Korean National Kidney Cancer (MKNKC) database. A total of 464 (10.9%) patients with RCC were selected for this study. All participants underwent curative partial or radical nephrectomy with or without lymphadenectomy between 2000 and 2012 and attended at least a follow-up period of 1 month until either local recurrence or distant metastasis was detected. Exclusion criteria were age <19 years (n = 12); histologically confirmed benign tumor (n = 73); postoperative disease recurrence within 1–3 months to exclude obscured synchronous metastasis at nephrectomy (n = 5); positive resection margins after partial/radical nephrectomy (n = 35); and a history of cytoreductive nephrectomy, incomplete medical records of survival outcomes, a history of previous cancers, and same patient visiting different hospitals (n = 73).

The parameters analyzed in this study were baseline anthropometric characteristics, including age, sex, and underlying diseases; preoperative baseline laboratory findings, including serum albumin, hemoglobin, and creatinine; intraoperative nephrectomy information; pathology results, including pTNM stage, histology, Fuhrman nuclear grade, sarcomatoid differentiation, lymphovascular invasion, necrosis, and capsule invasion; and survival outcomes, including all-cause and cancer-specific deaths. The surgical procedures of partial and radical nephrectomies were documented in a previous study (8–10); however, no specific standardized protocol was followed for surgical procedures during the collection of data for the RCC database. For the initial postoperative imaging follow-up, imaging intervals, that is, either 1- or 3-month intervals, were not standardized and were based on the preference of the urologist for the postoperative surveillance protocol established at the time.



Patient Classification

Patients were categorized into the LR (n = 319, 68.8%), MET (n = 50, 10.7%), and BOTH (n = 95, 20.5%) groups. The LR group comprised nephrectomized patients with clear resection margins who were diagnosed with local recurrence at the renal fossa without distant metastasis throughout the postoperative 1–3-month imaging follow-up, whereas the MET group comprised only those with post-nephrectomy distant metastasis without LR around the renal fossa throughout the 1–3-month postoperative follow-up period. The BOTH group comprised nephrectomized patients diagnosed with only postoperative LRs in the operated renal fossa who later experienced disease progression in the distal metastatic organs. The BOTH group included four patients who were simultaneously diagnosed with local recurrence and distant metastasis.



Statistical Analysis

Baseline characteristics are presented as frequencies (percentages) for categorical variables and as medians [interquartile range (IQR) or mean ± standard deviations (SD)] for continuous variables. Differences in distributions were compared among the three groups using a one-way analysis of variance or the Kruskal-Wallis test for continuous variables and Pearson’s χ2 test or Fisher’s exact test for categorical variables. A post-hoc analysis was performed to explore the clinicopathological factors that differed among the LR, MET, and BOTH groups. Given that we performed two analyses among the three groups, we set the significance cut-off at 0.05/2 for the post-hoc tests, taking multiple comparisons into consideration.

The survival indices OS and CSS were used to assess all-cause and RCC-related deaths, respectively. OS and CSS were compared among groups using the Cox proportional hazard models after adjusting for important covariates. A backward variable selection method with an elimination criterion of P > 0.05 was performed to complete the multivariable model. Survival curves were plotted using the survival probabilities of a multivariable model, and the survival rates of the three groups from 1 to 15 years were calculated using the Kaplan-Meier method. A two-sided p-value < 0.05 was considered statistically significant. Statistical analysis was performed using SAS 9.4 (SAS Institute Inc., Cary, NC, USA).



Data Availability

The datasets generated and/or analyzed during the current study are available to be provided from the corresponding author upon reasonable request.




Results

Throughout the median follow-up of 43.9 (range, 19.0–76.1) months, the local recurrence, metastasis, and mortality rates following nephrectomy were 68.7, 31.3, and 41.2%, respectively, including 161 (34.7%) and 30 (6.5%) RCC-related deaths and non-RCC-related deaths, respectively. Preoperative serum platelet and albumin levels, operative methods, and pathologic N stage were significantly different clinicopathological factors among the three groups (p < 0.05, Table 1). Moreover, baseline platelet levels and the nephrectomy method were significantly different between the LR and MET groups (Supplementary Table 1A), and the baseline albumin levels, pN1 stages, and intratumor necrosis characteristics were significantly different between the LR and BOTH groups (p < 0.05, Supplementary Table 1B).


Table 1 | Baseline characteristics (N = 464).



Supplementary Table 2 describes the analysis of the predictive clinicopathological factors of OS and CSS in each group. Multivariate analysis results (Supplementary Table 2) showed that the body mass index, hypertension, hemoglobin and albumin levels, pT3-4 and pN1 stageS, and Fuhrman nuclear grades 3–4 were significant risk factors of OS (p < 0.05), whereas body mass index, diabetes, hypertension, hemoglobin and albumin levels, pT3-4 and pN1 stageS, and Fuhrman nuclear grades 3–4 were the risk factors of CSS (p < 0.05). After adjusting for the significant risk factors of OS and CSS, the MET group had a significant hazard ratio (HR) of 0.51 (95% confidence interval [CI]: 0.27−0.97) for OS (p = 0.039) and an insignificant HR of 0.57 (CI: 0.29−1.12) for CSS (p = 0.103). The BOTH group had HRs of 0.51 (95% CI: 0.27–0.77) and 0.60 (95% CI: 0.39–0.92) for OS and CSS (p < 0.05), respectively, with the LR group (HR, 1.0) as a reference (Table 2).


Table 2 | Univariable and multivariable Cox proportional hazard models for overall survival (OS) and cancer-specific survival (CSS) among three groups.



Table 3 describes the multivariate analyses of significant clinicopathological data within each group. Only capsular invasion was found to be a significant risk factor for both OS (HR: 8.97, CI: 1.83−44.09) and CSS (HR: 7.36, CI: 1.45–37.35) in the MET group (p < 0.05) in the subgroup analyses for selecting high-risk factors of OS and CSS. In the LR group, body mass index and preoperative hemoglobin and albumin levels were favorable risk factors of OS and CSS, whereas hypertension and pathologic T3-4 and N1 stages were unfavorable risk factors of both OS and CSS; a Fuhrman nuclear grade 3-4 was a risk factor of CSS only (p < 0.05). In the BOTH group, diabetes, lymphovascular invasion, and a Fuhrman nuclear grade 3-4 were significant factors of both OS and CSS (p < 0.05).


Table 3 | Multivariable Cox proportional hazard model in each subgroup for overall survival (OS) and cancer-specific survival (CSS).



When the 2-year and 3-year survival rates from the nephrectomy date were analyzed in the three groups, the OS and CSS rates were 89.5% and 79.4% and 89.5% and 83.2%, respectively, for the MET group; 86.9% and 80.3% and 88.9% and 82.9%, respectively, for the LR group; and 96.8% and 93.2% and 96.8% and 93.2%, respectively, for the BOTH group (Table 4A). Only the LR and BOTH groups had significant differences in the 2- and 3-year OS and CSS rates (p < 0.05). Considering the starting date of disease recurrence, the 2-year and 3-year survival rates of OS and CSS rates were 48.1% and 48.1% and 52.4% and 52.4%, respectively, for the MET group; 63.5% and 57.3% and 67.8% and 61.8%, respectively, for the LR group; and 82.6% and 71.6% and 82.6% and 71.6%, respectively, for the BOTH group (Table 4B). Only the 2-year OS and CSS rats were significantly different between the LR and BOTH groups (p < 0.05).


Table 4 | Survival rate of 2 and 3 years according to three groups (A) from the date of nephrectomy and (B) from the date of local recurrence or metastasis.



The OS and CSS curves adjusted for significant covariates showed significant differences among the three groups (p < 0.005, Figure 1). There was a significant difference in OS between the LR group and each of the other two groups (versus MET, HR 1.96, and versus BOTH, HR 1.97) (p < 0.05, Figure 1A). However, only the BOTH group significantly differed in CSS from the LR group (LR versus BOTH, HR 1.67) (p = 0.021, Figure 1B).




Figure 1 | Survival curves of the multivariable model for (A) overall survival and (B) cancer-specific survival among the three groups. CI, confidence interval.



Supplementary Table 3 shows the extended long term-survival rates spanning up to 15 years postoperatively. A significant difference in both OS and CSS was observed between the LR and BOTH groups at 2–3 years postoperatively, whereas a significant difference in only OS was observed between the aforementioned groups at 4 and 9 years postoperatively (p < 0.05). There was a significant difference in both OSS and CSS between the MET and LR groups at 9, 10, and 11 years postoperatively, whereas there was a significant difference in only OS between the aforementioned groups at 8 years postoperatively. These differences remained in all groups until 15 years postoperatively (all, p < 0.05).



Discussion

Disease recurrence after curative nephrectomy in patients with nmRCC is challenging due to its rarity and unpredictability owing to the heterogenetic and pleomorphic pathophysiology of RCC, making large prospective studies, including randomized controlled trials, rare and inducing conflicting issues related to therapeutic and follow-up guidelines. These limitations allow retrospective multicenter studies comprising large study samples, such as in this study, to define significant independent disease recurrence predictive factors and characterize the prognostic survival of patients with nmRCC after nephrectomy (1–4, 11–14). This study selected a sufficient number of post-nephrectomized patients with recurrence and stratified them into LR, MET, and BOTH groups according to their recurrence patterns. Significant independent predictive and prognostic risk factors of OS and CSS were found, and some important characteristic findings regarding disease recurrence were obtained to improve postoperative surveillance and therapeutic strategic information.

The comparison of prognostic survival among the three groups demonstrated that both metastatic groups (HR < 1.0 for OS and CSS, Table 2) had significantly better OS and CSS than the LR group; however, there was an insignificant difference in CSS between the LR and MET groups (Figures 1, 2). Nevertheless, there were no significant differences in OS and CSS between both the MET and BOTH groups (p > 0.05, Table 2). Moreover, the 2- and 3-year OS and CSS rates supported the aforementioned unfavorable prognostic outcomes of the LR group, as well as the fact that the LR and BOTH groups had significantly different 2-year OS and CSS, regardless of the time from nephrectomy to disease recurrence (p < 0.05, Table 4). These results were unexpected and different from the general concepts of the survival of patients with RCC, which state that patients with mRCC had poorer survival outcomes than those with locally recurrent RCC (Table 2). This may be due to the distinguishing characteristics of this cohort compared to those in other studies (4, 5, 11–18). This study excluded patients who unsuccessfully underwent nephrectomy and have residual tumor cells at the renal fossa and those with obscured synchronous mRCCs who were at high risk of disease recurrence with suspicions of high tumor extents and aggressive tumor burdens. Moreover, this study includes a higher proportion of early stage patients with small tumor sizes (T1-staged RCC, 84.7%) and young patients (55.5 ± 12.4 years) compared to other studies. The characteristics of this cohort allowed us to focus on the primary tumor and disease progression, that is, either isolated local recurrence or distant metastasis, resulting in a lower number of patients in the MET (n = 50) and BOTH (n = 95) groups than in the LR group (n = 319) (3–5). The higher rate of early stage patients and small-sized tumors and the lower rate of high stage patients and large-sized tumors in this study were due to the fact that the Korean National Cancer Screening Program performs testing twice at the age of 40 and 55 years, significantly affecting the survival outcomes of each group compared to previous studies (Table 1) (3–6, 11–18).




Figure 2 |  Kaplan-Meier curves between LR, BOTH, and MET groups for (A) Overall survival (OS) and (B) Cancer-specific survival (CSS) from the date of nephrectomy, and (C) OS and (D) CSS from the date of disease recurrence or metastasis.



Another explanation for the differential survival outcomes among groups was the differential characteristics of the LR group, which included more advanced infiltrating diseases, poorer general conditions, and higher tumor burdens requiring more open surgery than the remaining two groups (Tables 1, 3 and Supplementary Table 1 and Figure 1). The higher baseline platelet levels and open surgery rate in the LR group than in the MET group and the more frequent nodal positivity and less necrotic primary lesions with lower albumin levels in the LR group than in the BOTH group supported the unfavorable prognoses of this group (p < 0.05, Supplementary Table 1) (14, 15, 19). Moreover, the therapeutic modalities of the LR and other groups were also important prognostic factors. This study did not discuss the therapeutic modalities of disease recurrence, but another Korean population-based study studying the therapeutic trends of disease recurrence (4.4%) after radical nephrectomy in 25,792 patients with nmRCCs between 2007 and 2013 showed significantly different OS rates between surgical methods (30.4 ± 18.7 months) and significantly different recurrence rates between targeted therapies (31 ± 22 months), other systemic therapies (25.4 ± 21.1 months), and radiation (24.1 ± 22.3 months) therapies. Therefore, it is possible to identify patients at higher risk in the LR group who may need closer follow-ups and earlier consideration for various adjuvant therapeutic strategies including intervention measures according to recurrent sites compared to low-risk patients.

As for the predictive factors of OS and CSS in each group, this study found that baseline hypertension, pathologic T3-4, N1 staging, and Fuhrman nuclear grade 3-4 are significant unfavorable risk factors and that high body mass index and hemoglobin and albumin levels are significant favorable risk factors in the LR group (p < 0.05, Table 3) (16–18, 20). Capsular invasion in the MET group and diabetes, lymphovascular invasion, and high nuclear grade in the BOTH group were also important prognostic factors of poor OS and CSS (p < 0.05, Table 4) (4, 21, 22). These independent prognostic factors were clinically important to stratify high-risk patients with poor prognoses at recurrence diagnosis during follow-up. Moreover, the post-nephrectomized 2-year and 3-year follow-ups from the time of disease recurrence were important time points to compare the survival rates between groups (p < 0.05, Table 4). These data suggest that high-risk patients with diseased recurrence should be monitored more closely within 2 years, meaning that survival prognoses were determined within 2 years and that the more active and earlier administration of adjuvant therapies should be considered to improve survival outcomes. Therapeutic recommendations for LR lesions should be established according to the location, extent, and size of tumor in each recurrence as non-established guidelines, definitions, and recommendations for LR allow various therapies based on the discretion of clinicians, resulting in inconsistent prognostic results (1–5).

As for surgical or interventional LR measures, several studies have reported that diseases progressed in 40–60% of patients following therapeutic measures, even in a nephrectomized patient with nmRCC and an isolated LR, implying that survival improved following measures (11–14). Bruno et al. (11) reported a 2.9% overall LR (LR: 1.5% and BOTH: 1.4%) in 1165 pT1-4N0M0-staged nephrectomy patients during a median time of 16.9 months (range, 0.5−103.6). Surgical intervention ensured a good OS and 3-year survival rates of 37.5 and 31%. Itano et al. (13) reported a disease recurrence rate of 2.9% (LR: 1.8%, and BOTH: 1.1%) in 1,737 pT1-3N0M0-staged radical nephrectomy patients. The disease control rate of surgical intervention was estimated at 60% of the OS rate. Margulis et al. (14) reported an LR rate of 1.8% during a median follow-up of 42 months in 2,945 pT1-3N0M0-staged nephrectomy patients. Surgical intervention ensured disease recurrence and overall mortality rates of 2.0% (27 distant metastases and 8 isolated LRs) and 1.8%, respectively. Therefore, further suggestions for effective surgical guidelines for LR and metastatic group indications should be discussed considering the association between metastases and other interventions and systemic therapy. Moreover, the surveillance of therapeutic strategies with close monitoring should also be considered within 2 years of recurrence until 4 years based on the type of metastasis (Table 2 and Supplementary Table 3).

There is no consensus on preventive adjuvant systemic therapies and on when to apply adjuvant systemic therapies for disease recurrence after nephrectomy in patients with nmRCC because of contradicting results between previous clinical trials in this era of targeted therapy. The S-TRAC (sunitinib, positive), PROTECT (pazopanib), ARISER (girentuximab), and ATLAS (axitinib) trials showed contradicting results regarding the efficacy of adjuvant targeted therapies in a specified subset of nephrectomized patients with nmRCC (23, 24). In the upfront immune therapy era, several new ongoing trials showed that adjuvant immune-checkpoint inhibitors were efficient in nephrectomized patients with nmRCC (Keynote 564 trial, NCT03142334) (25), contradicting previous trials in the targeted therapy era. Immune checkpoint inhibitors potentiate systemic immune responses to the remnant cancer cells in secondary tumor sites after the complete removal of the primary kidney tumor (26). Some suggestions for future trials include investigating the effects of combining an immune-checkpoint inhibitor with targeted therapy and localized intervention for controlling disease recurrence and microtumor environments (26, 27).

Lastly, regarding the choice of surgical treatment, that is, radical or partial nephrectomy, and surgical technique, that is, open or laparoscopic surgery, survival was not influenced by nephrectomy itself, especially in early stage patients with confined nmRCC. Open and radical nephrectomy reportedly often showed poorer prognostic outcomes than other techniques and also disease recurrence because open nephrectomy was more suitable for patients with advanced stage tumors, as well as nodal infiltration, high intratumor burdens, poor preoperative characteristics and immunity, and a high likelihood of increased circulating cancer cells via the lymphovascular system intraoperatively, resulting in a higher probability of disease recurrence/progression after nephrectomy compared to other techniques (28–30). Selecting appropriate patients with nmRCC for nephrectomy is important to successfully remove all tumor cells to reduce disease recurrence.

This study had several inherent limitations due to its retrospective multicenter design, missing values, and missing information on postoperative prognoses, such as non-standardized surgical procedures, treatment modalities, specific locations, and disease recurrence criteria, and tumor burdens. However, only a few studies with large cohorts were available to characterize disease recurrence and predict prognostic factors after nephrectomy in patients with nmRCC. The findings from this study, along with several significant factors in each group, may help identify high-risk patients with nmRCC and better manage LR and MET with adequate follow-ups and therapeutic plans after nephrectomy. Future trials on postoperative preventive measures, on the determination of risk factors in patients with LR that can progress to distant metastasis and those who had the best survival outcomes, and on adjuvant therapy should be conducted.

This retrospective, multicenter, long-term follow-up nmRCC study showed that the LR group had worse survival prognoses than the remaining recurrent metastatic groups. The independent risk factors of survival in each group may indicate other high risk disease recurrence factors that may require adjuvant systemic therapies and local therapy to improve the prognosis of patients with nmRCC after either radical or partial nephrectomy. Further prospective cohort studies should be conducted to validate our findings and provide suggestions for LR and metastatic groups.
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Muscle-invasive bladder cancer (MIBC) is the most common urinary system carcinoma associated with poor outcomes. It is necessary to develop a robust classification system for prognostic prediction of MIBC. Recently, increasing omics data at different levels of MIBC were produced, but few integration methods were used to classify MIBC that reflects the patient’s prognosis. In this study, we constructed an autoencoder based deep learning framework to integrate multi-omics data of MIBC and clustered samples into two different subgroups with significant overall survival difference (P = 8.11 × 10-5). As an independent prognostic factor relative to clinical information, these two subtypes have some significant genomic differences. Remarkably, the subtype of poor prognosis had significant higher frequency of chromosome 3p deletion. Immune decomposition analysis results showed that these two MIBC subtypes had different immune components including macrophages M1, resting NK cells, regulatory T cells, plasma cells, and naïve B cells. Hallmark gene set enrichment analysis was performed to investigate the functional character difference between these two MIBC subtypes, which revealed that activated IL-6/JAK/STAT3 signaling, interferon-alpha response, reactive oxygen species pathway, and unfolded protein response were significantly enriched in upregulated genes of high-risk subtype. We constructed MIBC subtyping models based on multi-omics data and single omics data, respectively, and internal and external validation datasets showed the robustness of the prediction model as well as its ability of prognosis (P < 0.05 in all datasets). Finally, through bioinformatics analysis and immunohistochemistry experiments, we found that KRT7 can be used as a biomarker reflecting MIBC risk.




Keywords: muscle-invasive bladder cancer, multi-omics, deep learning, subtyping, prognosis



Introduction

Bladder urothelial carcinoma (BLCA) is one of the most common cancer types in human (1), while muscle-invasive bladder cancer (MIBC) accounts for the majority of patient mortality (2). Over the past tens of years, there is no practical option to improve the survival of MIBC patients. Unlike the high 5-year survival rate (95%) of bladder cancer that has not spread beyond the inner layer of the bladder wall, the 5-year survival rate of MIBC without distant metastasis dropped to 69%, and if cancer extends through the bladder to the surrounding tissue or has spread to nearby lymph nodes or organs, the 5-year survival rate is 35% (Approved by the Cancer.Net Editorial Board, 05/2019).

In recent years, many studies have characterized the molecular features at different omics levels and reported subclassification of bladder cancer into distinct subtypes based on unique molecular signatures (3–11). For example, The Cancer Genome Atlas (TCGA) consortium reported four clusters of MIBCs with gene expression profiling and two of which were also evident in microRNA (miRNA) sequencing and protein data (6). Robertson et al. (11) recruited many TCGA-MIBC samples and subtyped the MIBC patients referring to the mutation signature, the expression of mRNA, lncRNA, and miRNA, respectively, and revealed some of the subtypes related to a poor-survival phenotype.

Nevertheless, the previous studies investigated the molecular subtypes of bladder cancer only based on single omics level, and did not connect with the survival information during the process of defining subtypes. Thus, a subtyping method that could reflect different survival profiles is valuable for the clinical application in guiding the treatment of MIBC patients.

Here, we employed a multi-omics-based utilized deep learning (DL) computational framework to stratify the MIBC patients into two subgroups concerning different risks of overall survival (OS) (Figure 1). We investigated feature differences between the two subgroups of MIBC, and derived prognostic models based on multi- or single-omics data to classify MIBC into different subgroups. Gene expression-based model were further validated by both in-group and out-group datasets. Besides, we figure out a cell surface marker—KRT7 (CK7), which is significantly differently expressed in high-risk and low-risk MIBC.




Figure 1 | Overall workflow for the deep learning-based prognostic subtyping and validation.





Materials and Methods


Datasets and Study Design

The multi-omics data of TCGA-BLCA, including gene-level copy number variation (CNV) profile, mRNA and miRNA expression profile revealed by RNA-seq and miRNA-seq, and DNA methylation data profiled by Illumina Infinium HumanMethylation450 platform, were downloaded from the University of California Santa Cruz (UCSC) Xena database (https://xenabrowser.net/).

Only samples with tumor stage II/III/IV (MIBC) remained for downstream analysis. These TCGA-MIBC datasets were used in two ways: 1) All samples were used to perform subgroup stratification based on deep learning and clustering algorithm; 2) samples were randomly split by 4:1, including a training dataset to train the classification model and an in-group testing dataset to validate the prediction accuracy. Three gene microarray matrices containing 43 MIBC patients (GSE19915), 62 MIBC patients (GSE48277-GPL14951), and 73 MIBC patients (GSE48277-GPL6947) were downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/), serving as out-group validation datasets. For these datasets, only samples with prognostic information were taken into consideration for downstream analysis.



Multi-Omics Data Integration

The autoencoder framework was chosen as the implementation of deep learning for integrating the results derived from multi-omics data. The CNV, gene expression, miRNA expression, and methylation data extracted from TCGA-MIBC dataset served as an input for the autoencoders framework. The autoencoder was a dimensionality reduction method based on an unsupervised feed-forward, non-recurrent neural network, which is implemented in python with package Keras (https://github.com/fchollet/keras).

We build the autoencoder framework as previously reported (12), which could be briefly described as follows:

For a given input layer, the objective of an autoencoder reconstructed the input layer x (sized as d × p) into the same dimension output layer y through an activation function tanh (a hidden layer between x and y). In this study, we used the four preprocessed data matrices of different level of omics data (features × samples) and stacked all features together into a merged big matrix. In total, 350,631 features were used for downstream analysis. All of the features except CNV features were scaled so that all values are within a similar distribution range. This step could be expressed as:

	

where bi is an intercept vector of size p and Wi·x = Σj Wi,j·xj, in which xj is the value of a single feature of x. When the autoencoder framework has k layers,

	

where  .

To train an autoencoder, the objective is to find the different weight vectors Wi minimizing a specific objective function. We chose binary crossentropy as the objective function, which measures the error between the input x and the output y:

	

We added two regularization penalty αw and αa for both weight vector Wi and node activities F1→k (x):

	

We set the three hidden layers in the autoencoder, which included 500, 100, and 500 nodes, respectively. The bottleneck layer of the autoencoder was adopted to generate novel characteristics from the four-level omics data. The penal values αw and αa were set as 0. 1 and 1 × 10-7, respectively. Finally, the autoencoder was trained by the gradient descent algorithm with 10 epochs and a batch size of 64.



Selection of the Transformed Features and Sample Clustering

One hundred novel features were derived from the omics data based on the deep learning algorithm. For each of these transformed features, we performed the univariate Cox proportional-hazards regression analysis to find out the OS-related features (log-rank test, P < 0.05). Subsequently, we used these selected features to cluster the MIBC samples into groups based on the K-means clustering algorithm. The hazard ratio and the p-value derived from log-rank test were used to evaluate the prognostic differences.



Genomic Analysis of TCGA Data

Somatic mutation data of TCGA BLCA and copy number segment data were downloaded from UCSC Xena database (https://xenabrowser.net/datapages/), respectively, and MIBC samples were extracted for downstream analysis. The mutation data was converted into “maf” format and visualized by Maftools (13). The segmentation file contains the segmented data for all the samples separated into S1 and S2 subgroups, and the recurrent frequency of each segment in each subgroup was calculated using GISTIC2 (14). The frequency of each chromosome cytoband in S1 and S2 was calculated smoothly from the files named “scores.gistic”, and then chi-square test was used to detect regions with significant differences in CNA frequency between S1 and S2 subtypes. Immune cell composition of MIBC was estimated from the expression data using the program CIBERSORT (15).



Differential Expression Analysis and Functional Enrichment

Differentially expressed genes (DEGs) of TCGA data were detected by DESeq2 (16), and DEGs of microarray-based datasets were detected using the limma package (17) Hallmark gene set was downloaded from Molecular Signatures Database v7.0 (MSigDB, http://software.broadinstitute.org/gsea/msigdb/), and gene set enrichment analysis (GSEA) was performed using the R package “clusterProfiler” (18).



Differential Methylation Analysis and Functional Enrichment

To test for differentially methylated CpG sites (DMS), we use the limma package. CpG site was defined as a DMS that |log2(fold-change)| of Beta value was more than 1 and adjusted p-value was less than 0.05. DMS located genes were extracted, and over-represent enrichment analysis was performed using the R package “clusterProfiler”.



Data Partitioning and Prognostic Subgroup Robustness Assessment

All TCGA MIBC samples were randomly separated into training/testing datasets following a 4:1 split. Then, we build a supervised classification model using random forest, Naïve Bayes, k-Nearest Neighbor, and Adaboost algorithms. For the training dataset, we normalized each omics layer and calculated the p-value (Wilcox test) of each feature between these two prognostic subgroups. Then, we selected top features (50 for CNV, 100 for mRNA, 50 for miRNA, and 50 for CpG methylation) that are most correlated with subgroup labels based on the p-values. Then, we conducted 10-fold cross-validation with 10-time repeat to evaluate the predictive ability of the selected features.

During each repetition, different algorithms were applied (mentioned above), and receiver operating characteristic (ROC) curves were executed. The area under the curve (AUC) in all the repeats would provide us the predictive value of the classification. Once the AUC value was less than 0.7, the whole dataset would be re-split and the analysis would be re-started till the satisfying results were obtained. Finally, we select the best classification model with the highest AUC.

We selected the same features of each omics data in the testing dataset and predicted the label of each sample based on the classification model. The univariate Cox proportional-hazards regression analysis was performed to test the survival risk difference between the predicted groups.

For the out-group validation dataset, which only has a gene expression profile, we just use the overlapped features with the 100 mRNAs mentioned above to fit the classification model. The same tests were performed on TCGA testing dataset.



Immunohistochemical (IHC) Staining and Assessment

Twenty-two MIBC samples were selected from Sun Yat-sen University Cancer Center, Guangzhou, China, between January 2015 and December 2015. Only samples with overall survival less than 1.5 years or over 5 years were taken into consideration in this study. IHC staining was performed using BenchMark ULTRA automatic immunostaining device according to the manufacturer’s instructions to analyze the KRT7 expression. In brief, the paraffin-embedded MIBC samples were sectioned and deparaffinized using EZ prep solution (BenchMark, Roche, Arizona, USA). The endogenous peroxidase activity was inhibited, and the sections were subjected to antigen retrieval in a cell-conditioning solution maintained at 95°C for 30 min. The sections with the primary antibody mouse anti-CK7 (MXB Biotechnologies Inc., Fuzhou, China, Kit-0021, 1:100 dilution) were incubated at 37°C for 1 h after adding Liquid crystal solution (BenchMark, Roche, Arizona, USA). A secondary antibody was then added at 37°C for 15 min, and signals were detected using the chromogen 3,3’-diaminobenzidine (DAB). The sections were counterstained with hematoxylin and then dehydrated and mounted on a coverslip. Staining proportion (0–100%) and staining strength (- to 4+) were measured for each sample, and an IHC score was calculated as follows:

	

where Spro stands for the score of staining proportion (0%, Spro = 0; 1–20%, Spro = 1; 21–40%, Spro = 2; 41–60%, Spro = 3; 61–80%, Spro = 4; 81–100%, Spro = 5) and Sstr stands for the score of staining strength (-, Sstr = 0; +, Sstr = 1; ++, Sstr = 2; +++, Sstr = 3; ++++, Sstr = 4). The IHC score was used to measure the expression level of KRT7.




Results


The Identification of OS-Related Subtypes Based on TCGA Multi-Omics Data

The multiple layers of genetic data were extracted from the TCGA database, and with the help of autoencoder-based deep learning algorithm, these data were stacked together (see Materials and methods). As a result, 100 new features were extracted from the bottleneck hidden layer, which represented the features of omics. We performed univariate Cox proportional-hazards regression analysis on these features and identified 98 features that were highly correlated with patients’ OS (P < 0.05, log-rank test; Supplementary Table S1). Subsequently, the MIBC patients were assigned into different clusters using K-means clustering algorithm referring to these OS-related features. We chose 2 as the optimal number of clusters (Figure 2A). Then, we conducted a univariate Cox proportional-hazards regression on the grouping result and observed that these two subtypes show a significant difference in OS outcomes (P = 8.11 × 10-5, log-rank test, Figure 2B). Furthermore, we performed multi-variates cox regression analysis using general clinical characters as well as the predicted subtypes, and the result shows that this molecular classification can be used as an independent prognostic indicator compared to general clinical information (Figure 2C). We further analyzed the relationship between the molecular subtyping and clinical information, and found that all patients from S2 were of high grade (Figure 2D).




Figure 2 | Two prognostic subtypes of MIBC were classified using multi-omics data-based deep learning framework. (A) Principal component analysis shows two distinguished MIBC subgroups clustered by K-means algorithm. (B) Kaplan-Meier curves show a significant difference of overall survival between MIBC subtypes. (C) Forest plot shows the multi-variates cox regression analysis result using general clinical characters as well as the predicted MIBC subtypes. (D) Distribution of the MIBC subtypes in various clinical phenotypes.





Molecular Differences Between These Two Prognostic Subtypes

In order to analyze the molecular characteristics of the two molecular subtypes, we firstly compared the differences in mutation and CNA levels between the two groups. There is no significant difference between the two subtypes in terms of mutation burden (Figure 3A). Several genes were found significantly mutated in S1, including NFE2L2, UGGT2, SCN3A, TGFBR3, and NPC1L1 (Figure 3B). Besides, regions located on chromosome 3p have a significantly higher frequency of deletion in S2 patients (Figure 3C and Supplementary Table 2; adjusted P-value < 0.05, chi-square test), which contains some important tumor suppressor genes (TSGs) including FANCD2, VHL, RPARG, XPC, TGFBR2, MLH1, SETD2, and RHOA. Interestingly, TGF-Beta receptors were significantly altered in S2 at both SNV and CNV levels. Considering that transforming growth factor (TGF)-b is a key executor of immune homeostasis and tolerance, which can inhibit the expansion and function of many components of the immune system, we next performed immune decomposition for each sample and investigated the differences in immune components between the two molecular subtypes using CIBERSORT (15). As a result, tumors from S2 patients contained less M1 macrophages and resting NK cells, but more regulatory T cells, plasma cells, and naïve B cells (Figure 3D; P < 0.05, Wilcoxon signed-rank test).




Figure 3 | Molecular comparison between two prognostic MIBC subtypes. (A) Mutation burden of MIBCs for each tumor was compared in S1 and S2. (B) Oncoplot shows differentially mutated genes between two MIBC subtypes. Chi-square test is performed, and genes with P < 0.05 are displayed. (C) Frequency comparison between S1 and S2 of genome-wide copy number gain and loss. The CNV frequencies along genome of S1 and S2 are shown in top and middle pattern, respectively. All amplifications in MIBC cohort are shown in red, and all deletions are shown in blue. Chi-square test is performed for each cytoband, and the P-value distribution of each region was shown in the bottom module. Chromosome 3p, which contains all significant regions, is highlighted in orange. (D) Comparison of the immune cell compositions in S1 and S2. The immune cell contents were decomposed using CIBERSORT. Wilcox test is performed for each comparison, and significant entries are marked with asterisks (**P < 0.01; *P < 0.05). (E) Volcano plot shows the differentially expressed genes between high- and low-risk subtypes. Ten most significantly expressed genes are marked. (F) Top five hallmark gene sets from gene set enrichment between high- and low-risk subtypes.



Then, DEGs were derived by comparing the two prognostic subtypes, aiming to present the underlying mechanisms. A total of 6139 DEGs, including 2081 upregulated and 4058 downregulated genes, were detected with log2 fold change > 1 and FDR < 0.05 (Figure 3E). To investigate the functional difference between these two subtypes, we then performed Hallmark GSEA. In the top five most significantly enriched gene sets, we found that IL-6/JAK/STAT3 signaling, Interferon alpha response, reactive oxygen species, and unfolded protein response were activated in S2 subtype (high-risk group), while bile acid metabolism related genes were downregulated in this subtype (Figure 3F and Supplementary Table 3). Furthermore, we also performed differential methylation analysis between these two subtypes of MIBC. As a result, 40 hypermethylated CpG sites and 34 hypomethylated CpG sites were found in S2 group compared with S1 (Supplementary Figure 1A). The hypermethylated CpG site located genes had significantly enriched functions such as cell mitosis, cell junction, protein binding, endocytosis, AMPK signaling pathway, and VEGF signaling pathway (Supplementary Figure 1B), while the hypomethylated CpG sites were in genes related to GTPase binding and Ras guanyl-nucleotide exchange factor activity (Supplementary Figure S1C).



Internal and External Validation of the Subtyping of MIBC

To apply the identified classification into the prognosis of MIBC, we try to build a classification model of MIBC subtyping. We randomly selected 321 (80%) TCGA-MIBC cases as the training set and the other 81 (20%) MIBC cases as an internal validation set (Table 1). For the training set, we obtained the omics data at four levels (CNV profile, gene expression profile by RNA-seq, miRNA expression profile by miRNA-seq, and DNA methylation profile) and calculated the p-value for each feature from each omics data profile between the two subtypes by Wilcox test, respectively. The top features (50 for CNV, 100 for mRNA, 50 for miRNA, and 50 for CpG methylation) were selected for model training, which were mostly different between the two subgroups of MIBC. We perform 10-fold cross-validation with 10-time repeat to evaluate the predictive ability of the selected features. In each repeat, different algorithms were used separately to build supervised classification model, and the best model with highest AUC was selected for the internal validation (see Materials and methods). The same features were extracted from the internal validation cohort, and samples were classified into two different groups according to the prediction model. Considering the previous subtype labels of samples from internal validation set, we construct the ROC curve to evaluate the robustness of the supervised classification model (Figure 4A). The AUC value (AUC = 0.784) indicated the reliable robustness of the model. Kaplan–Meier survival curve showed that the classification model using cluster labels was robust to predict the survival-specific clusters (P = 0.031, log-rank test; Figure 4B).


Table 1 | Basic information of training and validation datasets for MIBC subtyping model.






Figure 4 | Internal and external validation of prognostic subtyping. (A) ROC analysis shows the robustness of subgroup classification in internal testing dataset using multi-omics data. (B) Kaplan-Meier curves show a significant difference of overall survival between subtypes predicted by multi-omics data in internal testing dataset. (C) ROC analysis shows the robustness of subgroup classification in internal testing dataset using each single omics data, respectively. (D–F). Kaplan-Meier curves show a significant difference of overall survival between subtypes in external datasets, including GSE19915 (D) and two subsets of GSE48277 (E, F), respectively.



To expand the application of the prognostic subtyping, we also tested the stability of the identified classification using single-omics data from the internal validation dataset. We found the AUCs of gene expression data, miRNA expression profile, as well as methylation data were more than 0.8 (0.95, 0.90, and 0.87, respectively; Figure 4C), indicating the prediction robustness of these three single omics data. Then, we introduced three microarray-based gene expression datasets (GSE19915 and two subsets of GSE48277, Table 1) as external validation datasets to further validate our findings. Same expression features (the top 100 DEGs in training data) were extracted from each external validation datasets, and the supervised prediction model is tested in the same way of internal validation, respectively. The predicted two subtypes of MIBC also show significant OS differences in all the three cohorts (P = 0.026, P = 0.00094, and P = 0.00047, respectively, log-rank test; Figures 4D–F). This result indicates that this subtyping method could be effectively applied to classify MIBC patients into different risk levels.



KRT7 Is a Marker Gene to Classify High-Risk and Low-Risk MIBC

In order to further investigate potential marker genes that distinguish high-risk and low-risk MIBCs, we integrated the DEGs between high-risk group and low-risk group of MIBC from datasets of TCGA and two subsets of GSE48277 (the expression matrix data of GSE19915 was centralized so that it is not considered in this analysis). As shown in Figure 5A, only three upregulated genes (NELL2, MDGA2, and CAMK4) and two downregulated genes (GGTLC1 and KRT7) are overlapped among these three datasets, respectively. We selected KRT7 (also named as CK7) as a candidate marker to distinguish high-risk and low-risk MIBC. As expected, the expression level of KRT7 was negatively correlated with risk-score of MIBC (r = -0.47, P < 2.2 × 10-16; Figure 5B). We further verified this candidate at the protein level. Firstly, we examined the KRT7 expression in bladder tumors on the webserver of The Human Protein Atlas (https://www.proteinatlas.org/) and found that KRT7 protein was highly expressed in the low-grade bladder cancer cells but medially or lowly expressed in high-grade bladder cancer cells (Supplementary Figure 2). We next selected 22 MIBC samples and separated them into two distinct groups with different risks: the high-risk group (12 samples) were samples that OS < 1.5 years and samples from the low-risk group (10 samples) were survived over 5 years. As expected, KRT7 was significantly highly expressed in the low-risk MIBC (Figures 5C, D and Supplementary Table 4), which is further confirmed that KRT7 can be used as a marker to characterize MIBC risk.




Figure 5 | Detection and validation of risk-related markers of MIBCs. (A) Venn plot shows the overlaps of differentially expressed genes among TCGA and two subsets of GSE48277. (B) Correlation between tumor risk score and expression level of KRT7. TCGA data was used to perform this analysis. Both Pearson correlation coefficient (R) and P-value were calculated. (C) Representative images of KRT7 IHC staining in different risk types and corresponding H&E staining. (D) KRT7 protein expression was significantly decreased in high-risk MIBC specimens compared with low-risk MIBC tissues by IHC. For the details of calculating IHC score, please see Materials and methods.






Discussion

Different levels of omics data could present diverse tumor landscape from different angles. It is required to integrate multi-omics data to describe the relations between clinical outcomes and molecular characteristics, then get a comprehensively understanding of cancer. In the present study, we construct an autoencoder-based deep learning framework to integrate CNV, gene expression, miRNA expression, as well as CpG methylation results to classify MIBC into two prognostic subtypes. The subtype S2 shows a significantly higher risk on overall survival and some specific genetic characters compared with the other subtype. We construct a robustness MIBC subtyping model depending on different omics layers and assessed the prognostic value in both internal and external validation datasets. We also detected KRT7 as a biomarker to reflect the risk of MIBC.

We found that in the poor prognosis group, chromosome 3p had a significantly higher frequency of deletions. Many tumor suppressor genes are located on chromosome 3p, including TP53, VHL, MLH1, TGFBR2, THRB, RARB, and FHIT. Loss of one copy of chromosome 3p is one of the most frequent and early events in human cancer, found in 96% of lung tumors and 78% of lung preneoplastic lesions (19). For cervical carcinoma (CC), researchers found that chromosome 3p deletions in precursor CIN lesions were smaller than the 3p losses found in the associated invasive CC (20). 3p arm loss has been associated with poorer prognosis for head and neck cancer as determined by reduced disease-free and overall survival of patients at early disease stage (21). These results suggest that the loss of chromosome 3p plays an important role in the occurrence and development of bladder cancer, and further analysis is needed. We detected 26 differentially mutated genes between S2 and S1. Some of these genes have been reported in previous tumor studies. For example, NFE2L2 (the most significant gene that mutated in 16% of S2 but 4% in S1) has been reported in types of cancers. NFE2L2 has long been considered a cytoprotective transcription factor, which is essential for the defense against oxidative stress, and activation of the NFE2L2 pathway has been proposed as potential preventive strategy against carcinogenesis due to its function as a master regulator of the expression of antioxidant and detoxifying enzymes (22, 23). Reduced expression of NFE2L2 are associated with poor outcome in breast cancer (24), ovarian cancer, and prostate cancer (25), but with favorable prognosis in cervical cancer (26), adrenocortical carcinoma, and kidney renal clear cell carcinoma (25), highlighting the dual role of NFE2L2 in cancer. Remarkably, both mutation and CNA comparation show that TGF beta receptor was significantly altered in S2, indicating that the TGF-β signaling plays important roles in the prognostic impact in MIBC. One of the effects of this pathway is to enforce the immune homeostasis and tolerance, and disturbance of this pathway may influence the immune microenvironment of tumor. Interestingly, we found a variety of significant changes in immune cells between S1 and S2.

We investigate the gene expression and functional difference between the two prognostic subtypes. In the most significantly expressed genes shown in Figure 3E, lncRNA CASC22 has been reported that disrupting CASC22 was associated with a significantly increased risk of breast cancer (27). lncRNA FER1L4 also has been noticed as a favorable survival marker for endometrial carcinoma (28), colon cancer (29), and osteosarcoma (30). Interestingly, two UPK genes were significantly downregulated in high-risk MIBC subtype. UPK2 has been used as CTC markers of bladder cancer and got a satisfying result, which indicated a promising role for UPK2 mRNA detection using the circulatory blood of patients with urothelial cancer as a new staging marker (31). This is not consistent with our results. Besides, the most enriched gene sets were also demonstrated prognostic in previous studies. For example, elevated levels of IL-6 stimulate hyperactivation of JAK/STAT3 signaling, which is often associated with poor patient outcomes in colorectal cancer (32), breast cancer (33), oral cancer (34), and myeloma (35). Elevated levels of reactive oxygen species are also a common hallmark of cancer progression and resistance to treatment (36), and unfolded protein response was also demonstrated to play an important role in the establishment and progression of several cancers (37). To our surprise, we found a significant activation of interferon alpha (IFN-α) response. IFN-α is usually used as an adjuvant with bacillus Calmette-Guérin (BCG) in the non-invasive bladder cancer treatment. However, there is still a lack of evidence to demonstrate its benefit in preventing recurrences in intermediate-risk and high-risk patients (38). Although we only analyzed MIBC in this study, this result reminds us to be cautious of adjuvant IFN-a therapy, especially for the high-risk bladder tumors.

To demonstrate the robustness of the subtyping classification, we built the prediction models at single- and multi-omics level and tested them in internal and external validation cohorts. Both results show an effective distinction of OS between predicted groups. In association with clinical characteristics, we noticed that the DL-based subtyping presented more prognostic efficiency than other clinical indexes. Comparing with other previous genetic feature-based prognostic models, the DL-based subtyping method is more flexible that we can use the model based on single or multiple levels of genomics data. Moreover, the ROC curve shows that our method is more powerful than previous studies in single genomic level, for instance, mRNA expression level [AUC = 0.954 vs. AUC = 0.761 (39, 40)] and miRNA expression level [AUC = 0.901 vs. AUC = 0.663 (40)].

KRT7 is a member of the keratin gene family and is specifically expressed in the simple epithelia lining the cavities of the internal organs and in the gland ducts and blood vessels. KRT7 was reported as a predictive factor of various types of cancer, such as colorectal cancer (41) and renal clear cell carcinoma (42), but bad prognostic factor in esophageal squamous cell carcinoma (43) and pancreatic adenocarcinoma (44). KRT7 was also reported to promote epithelial-mesenchymal transition (EMT) of ovarian cancer (45). To the best of our knowledge, few studies reveal the relationship between KRT7 and MIBC. In this study, we report that KRT7 can be used as a biomarker that reflects the prognostic risk of MIBC. This conclusion comes from the analysis of both RNA and protein levels, highlighting the value of KRT7 in the clinical application of MIBC. However, the underlying biological mechanism still needs further research.
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Supplementary Figure 1 | Differential methylation analysis between S1 and S2. (A) Volcano plot shows differentially methylated CpG sites between S2 and S1. Sites with foldchange > 2 and adjusted P-value < 0.05 are considered to be significantly different. (B) Functional enrichment of hypermethylated CpG site related genes. Significantly enriched terms were defined as adjusted P-value < 0.05. Databases of GO, KEGG, Hallmark, and Reactome were included in this analysis, and top 10 most enriched terms of each database were shown in the figure. (C) Functional enrichment of hypomethylated CpG site related genes.

Supplementary Figure 2 | Immunohistochemical results show the expression level of KRT7 in low-grade (A) and high-grade (B) MIBC patients. The IHC figures were selected and downloaded from the webserver of The Human Protein Atlas (https://www.proteinatlas.org/) after a specific query.
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Castration-resistant prostate cancer (CRPC) continues to be a major clinical problem and its underlying mechanisms are still not fully understood. The epidermal growth factor receptor (EGFR) activation is an important event that regulates mitogenic signaling. EGFR signaling plays an important role in the transition from androgen dependence to castration-resistant state in prostate cancer (PCa). Kinesin family member 15 (KIF15) has been suggested to be overexpressed in multiple malignancies. Here, we demonstrate that KIF15 expression is elevated in CRPC. We show that KIF15 contributes to CRPC progression by enhancing the EGFR signaling pathway, which includes complex network intermediates such as mitogen-activated protein kinase (MAPK) and phosphatidylinositol 3-kinase (PI3K)/AKT pathways. In CRPC tumors, increased expression of KIF15 is positively correlated with EGFR protein level. KIF15 binds to EGFR, and prevents EGFR proteins from degradation in a Cdc42-dependent manner. These findings highlight the key role of KIF15 in the development of CRPC and rationalize KIF15 as a potential therapeutic target.




Keywords: KIF15, EGFR, Cdc42, CRPC, protein stability



Introduction

Prostate cancer (PCa) is the most commonly diagnosed cancer in men worldwide (1). Androgen deprivation treatment is the standard treatment for patients with advanced PCa (2). However, a more aggressive castration-resistant prostate cancer (CRPC) inevitably develops (3). Several novel therapeutic agents have been developed for CRPC, but the prognosis for patients with CRPC remains poor (4, 5). Therefore, the identification of novel therapeutic targets for CRPC is an urgent issue.

Epidermal growth factor receptor (EGFR), a member of the erbB family, regulates proliferation, differentiation, survival, and migration in multiple type of cells (6). EGFR plays an important role in the pathogenesis of PCa and in the CRPC progression (7–9). High levels of EGFR expression correlate with PCa progression (6, 7, 10, 11). EGFR usually acts at the plasma membrane or on vesicles belonging to the endosomal compartment (12); however, it can also localize to the nucleus and mitochondria (13). Epidermal growth factor (EGF) engagement activates the intrinsic kinase activity of EGFR which leads to the activation of several downstream intracellular signaling pathways, including the mitogen-activated protein kinase (MAPK) and phosphatidylinositol 3-kinase (PI3K)/AKT signaling (14, 15). These pathways can then mediate multiple physiological and pathological processes such as cell cycle progression and cell survival (16, 17). Constitutively activated MAPK and PI3K/AKT signaling occur in CRPC cells (18, 19), and they have been proposed as the important pathways in promoting PCa progression to CRPC (20).

Kinesins represent a superfamily of microtubule-dependent motor proteins that are involved in intracellular transport and mitosis (21). Kinesin family member 15 (KIF15) is an N-terminal and plus-end-directed motor that plays a critical role in the formation of bipolar spindles (22). It plays an important role in developing neuronal axons (23) and participates in the transport of macromolecules in several essential cellular processes, such as mitosis and meiosis (24). Recently, KIF15 was found to be overexpressed in several malignancies including pancreatic cancer, hepatocellular carcinoma, lung cancer, and breast cancer (25–28). Our previous study showed that KIF15 expression was elevated in enzalutamide resistant PCa, and promotes androgen receptor (AR) protein stabilization (29). KIF15 promotes cell proliferation in 22Rv1 and PC3 cells (29), which were CRPC cell lines, suggesting that KIF15 may correlate with CRPC progression. However, the function of KIF15 in CRPC cells has not been characterized.

In this study, we demonstrate that KIF15 expression is elevated in CRPC and KIF15 promotes CRPC progression. KIF15 inhibits degradation of EGFR protein in a cell division cycle 42 (Cdc42)-dependent manner, resulting in the activation of MAPK and PI3K/AKT signaling pathways. Therefore, our results highlight KIF15 as a potential novel therapeutic target for CRPC.



Materials and Methods


Patients

A total of 49 PCa patients participated in our study. The tumor samples were obtained from Qilu Hospital of Shandong University (Jinan, China) between 2003 and 2015. The first group included 28 men with primary PCa who have undergone radical prostatectomy without receiving preoperative radiation or androgen deprivation treatment. The second group included 21 patients with CRPC treated by transurethral resection of the prostate to relieve symptomatic obstruction due to locally advanced disease. The initial treatment for patients was either observation or surgery. Development of CRPC was treated by flutamide or bicalutamide. This study was conducted in accordance with the International Ethical Guidelines for Biomedical Research Involving Human Subjects. The study protocol was approved by the Institutional Review Board of Medicine School of Shandong University (ECSBMSSDU2019-1-021). The informed written consent was obtained from each patient.



Immunohistochemistry

Immunohistochemistry (IHC) assays were performed as previously described using the PV9000 kit (Zsbio) (29). Slides were treated with antigen retrieval in EDTA (pH 8.0) in a pressure cooker for 10 minutes and then incubated with 3% H2O2 for 10 minutes at room temperature. Nonspecific antibody binding was blocked by subsequent incubation with goat serum (ZLI-9056; Zsbio) for 30 minutes at room temperature. Slides were then incubated overnight with anti-KIF15 (1:100, cat no. 55407-1-AP; Proteintech) or anti-EGFR (1:100, cat no. ab52894; Abcam) at 4°C. Tissues were analyzed by two independent pathologists (W.X.L. and H.B.) and KIF15 staining was scored semi-quantitatively based on cells with positive staining (0 = negative staining, 1 = weak staining, 2 = moderate staining, 3 = strong staining). For analysis, we combined both negative and weak KIF15 positive tumors into one group, and moderate and strong KIF15 positive tumors into the other. EGFR cell membrane-specific immunoreactivity was scored by estimating the percentage of positive tumor cells as previously described (7). score 0 (negative staining), no immunoreactive cell; score 1 (weak staining), positivity in 5% cancer cells; score 2 (moderate staining), positivity in 5–50% cancer cells; and score 3 (strong staining), positivity in 50% of cancer cells. Specimens were considered positive for EGFR expression (EGFR+) when the score was 2 or 3.



Cell Culture and Reagents

LNCaP, C4-2B, and PC3 cells were purchased from American Type Culture Collection (ATCC) (Rockville, MD, USA) between 2015-2018, and cultured following ATCC’s instructions except for the indicated treatment. Cells were authenticated by short tandem repeat analysis within the last 2 years. The cumulative culture length of the cells between thawing and use in this study was less than 15 passages. All of the newly revived cells were tested free of mycoplasma contamination by Hoechst 33258 staining (Beyotime, Jiangsu, China). EGF was obtained from Peprotech (NJ, USA), 20 ng/ml EGF was used for 20 minutes in this study.



Western Blot

Western blot assays were performed as previously described (29). Primary antibodies used in Western blot assays are anti-KIF15 (2 µg/ml, cat no. H00056992-M01; Abnova), anti-EGFR (1:1000, cat no. 4267; Cell Signaling Technology), anti-Cdc42 (1:1000, cat no. ET1701-7; HUABIO), anti-MEK (1:1000, cat no. 4694; Cell Signaling Technology), anti-p-MEK (Ser217/221) (1:1000, cat no. 9154; Cell Signaling Technology), anti-ERK (1:1000, cat no. 4695; Cell Signaling Technology), anti-p-ERK (Thr202/Tyr204) (1:1000, cat no. 4370; Cell Signaling Technology), anti-AKT (1:1000, cat no. 4685; Cell Signaling Technology), anti-p-AKT (Ser473) (1:1000, cat no. 4060; Cell Signaling Technology), anti-CDK2 (1:1000, cat no. CY5020; Abways), anti-CyclinD1 (1:1000, cat no. CY5404; Abways), anti-CyclinE1 (1:1000, cat no. CY5815; Abways), and anti-GAPDH (1:1000, cat no.ab181602; Abcam).



Quantitative Real Time-PCR (qRT-PCR)

qRT-PCR was performed as previously described (30). The sequences of primers were as follows: KIF15 forward, 5’-CAACCAAGTAATGAAGGTGATGCC-3’; KIF15 reverse, 5’-AACGTGAAGGTCTTGGGCTC-3’; EGFR forward, 5’‐AGGCACGAGTAACAAGCTCAC‐3’; EGFR reverse, 5’‐ATGAGGACATAACCAGCCACC‐3’; GAPDH forward, 5’-GCACCGTCAAGGCTGAGAAC -3’; GAPDH reverse, 5’-TGGTGAAGACGCCAGTGGA-3’. GAPDH was included as an endogenous control. The relative expression of indicated gene was calculated using the 2(–ΔΔCt) method.



Plasmids, siRNAs and Cell Transfection

KIF15 (Gene ID: 56992; vector: PcDNA3.1) cDNA expression vectors were designed and synthesized by Sangon Biotech (Shanghai, China). SiRNAs were purchased from GenePharma (Shanghai, China). The sequences of siRNAs were: siKIF15 #1: 5’-GGACAUAAAUUGCAAAUAC-3’; siKIF15 #2: 5’-GGAACAAAUGAGUGCUCUUTT-3’; siEGFR: 5’-GUAAUUAUGUGGUGACAGATT-3’. Cdc42‐Q61L (Gene ID: 998; vector: PcDNA3.1) and Cdc42‐T17N (Gene ID: 998; vector: PcDNA3.1) cDNA expression vectors were designed and synthesized by Biosune Biotech (Shanghai, China). Lipofectamine 3000 (Invitrogen, Carlsbad, CA) was used for transfection following the manufacturer’s instruction. The effect of transfection efficiency was confirmed using qRT-PCR and Western blot assay. Lentiviral plasmids encoding shRNAs against control (NC; LV3-NC; 5’- GTTCTCCGAACGTGTCACGT -3’) and KIF15 (shKIF15; LV3-shKIF15; 5’- GGAACAAATGAGTGCTCTT -3’) were purchased from GenePharma (Shanghai, China). C4-2B cells with KIF15 knockdown were achieved by lentiviral approaches combined with puromycin selection as we reported (29).



Cell Proliferation, Colony Formation, and Migration Assays

Cellular proliferation was measured by 3-(4,5-dimethylthiazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-2H-tetrazolium inner salt (MTS) (Promega, Madison, WI, USA) and clonal formation assays. The transwell assay was used to measure the migration of PCa cells. Both assays were performed as previously described (30).



Pulldown Assays

Rho GTPase pulldown assays were performed as previously described (31). GST-PAK-CRIB Rac/Cdc42 Isolation Kit was purchased from Kerafast (Boston, USA). The cells were lysed and centrifuged. The supernatant was transferred to new tubes containing agarose beads pre-coupled with PAK-CRIB and incubated with rotation at 4°C for 30 minutes. The beads were then washed, and the proteins bound on the beads were separated by SDS-PAGE. The amounts of active Cdc42 were determined by Western blot analysis with the corresponding antibodies.



Tumor Xenografts

Five-week-old male nude mice were purchased from Weitonglihua Biotechnology (Beijing, China). To study the function of KIF15 in CRPC growth, a total of 6.0×106 C4-2B cells expressing a control shRNA (NC) or shKIF15 mixed with matrigel (1:1) were injected subcutaneously into the mice (n = 6/group). The mice were surgically castrated when the tumors reached 100-200 mm3. Tumor size was measured twice a week and the tumor volume was calculated with the formula: tumor volume = 0.5 × length × width2. Tumor tissues were harvested and weighed after 4 weeks. All animal experiments were performed following a protocol approved by the Shandong University Animal Care Committee (Document No. LL-201602005).



Bioinformatics Analysis

Datasets of GSE35988, GSE32269, GSE74367, and GSE2443 were downloaded from the GEO database (http://www.ncbi.nlm.nih.gov/geo). KIF15 expression in these datasets were analyzed in the groups between primary PCa and CRPC. The expressed genes of KIF15_High (top 2 KIF15 highest expression) and KIF15_Low (top 2 KIF15 lowest expression) obtained from GSE35988, GSE32269 and GSE2443 were subsequently analyzed for enrichment of biological themes using Gene Set Enrichment Analysis (GSEA) (http://software.broadinstitute.org/gsea/index.jsp).



Statistical Analysis

Statistical analysis was carried out using GraphPad Prism 7 or SPSS 20.0 software. Statistical comparisons between groups were analyzed using two-sided Student’s t test. All experiments in vitro were performed in biological triplicate. All results are presented as the mean and the standard error of the mean. P < 0.05 was considered statistically significant. *, P <0.05; **, P < 0.01; ***, P <0.001; ****, P < <0.0001.




Results


KIF15 Expression Is Elevated in CRPC

Our previous study showed that KIF15 promotes cell proliferation in androgen dependent cell line LNCaP and CRPC cell lines, including C4-2B, 22Rv1, and PC3 (29), these results suggest that KIF15 may correlate with CRPC progression. To investigate the clinicopathological significance of KIF15 expression in CRPC patients, we first analyzed the level of KIF15 using published datasets. As shown in Figure 1A, KIF15 expression was significantly upregulated in CRPC compared to primary PCa tissues in GSE32269 (32) (P < 0.0001), GSE35988 (33) (P < 0.0001) and GSE74367 (34) (P < 0.0001) datasets. Furthermore, KIF15 expression is elevated in androgen-independent than androgen-dependent PCa in GSE2443 (35) (Figure 1B, P < 0.05). In GSE35988 and GSE32269 datasets, PCa samples were divided into either the KIF15 high expression group (50% cut off) or KIF15 low expression group. Patients with high KIF15 expression were tightly clustered apart from ones with low KIF15 expression and were congruent with CRPC subgroup (Figure 1C). As shown in Figure 1D, principal component analysis (PCA) demonstrated that PCa patients with high KIF15 expression displayed an expression pattern of CRPC-upregulated genes distinct from PCa patients with low KIF15 expression. To confirm our findings, we then analyzed KIF15 expression in clinical specimens from primary PCa and CRPC cases from Qilu Hospital of Shandong University. As shown in Figure 1E, KIF15 is mainly expressed in the cytoplasm of tumor cells and its expression was significantly higher in CRPC samples than in primary PCa samples. Remarkably, among primary PCa cases, 17 (60.7%) showed negative or weak staining (7 cases: negative; 10 cases: weak), and only 11 (39.3%) had moderate or strong staining for KIF15 (6 cases: moderate; 5 cases: strong). However, 7 (33.3%) were negative or weak (2 cases: negative; 5 cases: weak), whereas 14 (66.7%) CRPC cases showed moderate or strong expression (6 cases: moderate; 8 cases: strong). Overall, CRPC specimens showed significantly stronger expression of KIF15 than primary PCa samples (Figure 1E, P = 0.034). Next, we evaluated the KIF15 expression in androgen-dependent LNCaP and CRPC cell lines of C4-2B. As shown in Figure 1F, KIF15 was dramatically upregulated in C4-2B. Notably, prolonged androgen deprivation for 3 months in LNCaP cells continuously enhanced KIF15 expression at both mRNA and protein levels (Figures 1G, H). These results indicate that enhanced KIF15 expression is highly correlated in CRPC.




Figure 1 | KIF15 is overexpressed in CRPC. (A) Expression of KIF15 in primary PCa and CRPC tissues taken from publicly available datasets of GSE32269 (left), GSE35988 (middle) and GSE74367 (right). KIF15 expression was analyzed in a) 22 samples with primary PCa from hormone-naive patients, and 29 samples with CRPC (GSE32269); b) 49 samples with localized PCa, and 27 samples with metastatic CRPC (GSE35988); c) 11 samples with primary PCa tumor and 45 samples with CRPC metastases from 32 patients (GSE74367). The statistical analysis was based on Student’s t test. ****P <0.0001. (B) KIF15 expression in androgen-dependent and independent PCa. KIF15 expression was analyzed in 10 samples with androgen-dependent primary PCa and 10 samples with androgen-independent primary PCa (GSE2443). The statistical analysis was based on Student’s t test. *P <0.05. (C) Unsupervised clustering analyses of GSE35988 (left) and GSE32269 (right) datasets based on differentially expressed genes of primary PCa and CRPC tissues. Patients statue are shown in the annotation column. Patients were categorized according to KIF15 expression or PCa risk assessment. Green: patients with low KIF15 expression (50% cutoff; KIF15-); Purple: patients with high KIF15 expression (50% cutoff; KIF15+); Blue: patients with primary PCa (Primary PCa); Red: patients with CRPC. (D) PCA analysis of unique CRPC-upregulated gene expression pattern between KIF15+ (high KIF15 expression, 50% cutoff) and KIF15- (low KIF15 expression, 50% cutoff) of PCa patients from GSE35988 and GSE32269 datasets. CRPC-upregulated genes were obtained from the top100 high expressed genes in CRPC compared with primary PCa in each dataset. Each point represents a patient. (E) The percentage of KIF15 expression distributed in PCa cases in Qilu Hospital with primary PCa or CRPC. Left panel: representative IHC images for KIF15 expression. Right panel: the percentage of KIF15 expression distributed in 49 PCa cases in Qilu Hospital with primary PCa or CRPC. (F) KIF15 levels in LNCaP and C4-2B cells analyzed by Western blot assay. LNCaP and C4-2B cells were harvested and whole lysates were subjected to Western blot. (G, H) Levels of KIF15 mRNA (G) and protein (H) in LNCaP cells with prolonged androgen-deprivation treatment. qRT-PCR and Western blot analysis were performed to detect KIF15 expression in LNCaP cells after androgen-deprived treatment in charcoal-stripped medium for the indicated time periods. CSS, Charcoal stripped fetal bovine serum; Exp., Expression; *P < 0.05; ***P < 0.001 vs. 0 month.





KIF15 Promotes CRPC Progression In Vitro and In Vivo

To determine whether KIF15 serves a functional role in CRPC progression, we overexpressed its expression in LNCaP cells and suppressed its expression in C4-2B cells with or without androgen depletion. We found that KIF15 greatly enhanced LNCaP cell proliferation under androgen depletion (charcoal stripped fetal bovine serum, CSS) than androgen-repletion conditions (fetal bovine serum, FBS; CSS vs. FBS; 1.8 folds vs. 1.4 folds) (Figures 2A, B and Supplementary Figure S1A). SiRNAs against KIF15 significantly reduced the total cell numbers of C4-2B under FBS as well as CSS conditions relative to their control counterparts (Figures 2C, D and Supplementary Figure S1A). Furthermore, siRNA knockdown of KIF15 in PC3 cells, an AR-negative CRPC cells (20), significantly inhibited cell proliferation (Figure 2E). Due to higher efficiency of transfection, siKIF15#2 was chosen for KIF15 knockdown in following experiments. As shown in Supplementary Figures S1B–D, KIF15 promoted cells migration and clone formation in both LNCaP and C4-2B cells. In addition, cell cycle distribution analysis demonstrated that silencing KIF15 could lead to a significant number of C4-2B and PC3 cells to accumulate in the G1 phase (Supplementary Figure S1E). Furthermore, KIF15 depletion of C4-2B xenografts in castrated nude mice resulted in delayed tumor progression; the mean tumor volume 463.5 ± 79.92 mm3 in C4-2B shKIF15 xenografts while it was 979 ± 84.57 mm3 in the control group (P = 0.001) (the weight of tumors; shKIF15 vs. control; 0.4633 ± 0.06312 g vs. 1.313 ± 0.09698 g; P < 0.0001) (Figures 2F–H). Moreover, the Ki67 percentage score of tumor cells in the shKIF15 group was relatively low when compared to cells in the NC group (Figure 2I). Collectively, our data suggested that KIF15 is required for the proliferation of CRPC cells.




Figure 2 | KIF15 promotes CRPC in vitro and in vivo. (A, B) Cell proliferation of LNCaP cells with FBS or CSS treatment assessed by MTS assays. LNCaP cells were cultured in FBS medium (A) or CSS medium for 48 hours (B), these cells were transfected with corresponding siRNA and subjected to MTS assays. Vec, vector. ***P <0.001; ****P <0.0001. (C, D) Cell proliferation of C4-2B cells with FBS or CSS treatment assessed by MTS assays. C4-2B cells were cultured in FBS medium (C) or CSS medium for 48 hours (D), these cells were transfected with corresponding siRNA and subjected to MTS assays. NC, negative control; *P <0.05; **P < 0.01; ***P <0.001. (E) Cell proliferation of PC3 cells assessed by MTS assays. PC3 cells were transiently transfected with corresponding siRNA, the cells were subjected to MTS assays. **P < 0.01; ***P <0.001. (F–H) Xenograft tumor growth after KIF15 depletion. C4-2B cells with stable KIF15 knockdown or its control were injected subcutaneously into nude mice (6 mice per group). Tumor size was measured twice every week (F). At the endpoint, tumors isolated from euthanized mice were photographed (G) and weighed (H). **P < 0.01; ****P <0.0001. (I) Representative images of Ki67 IHC staining of xenograft tumor derived from C4-2B NC/shKIF15 cells.





KIF15 Regulates EGFR Signaling in CRPC Cells

EGFR signaling plays an important role in the progression of PCa and the transformation to CRPC (7). We firstly utilized multiple public datasets to characterize the relationship between EGFR and KIF15 in CRPC progression. As shown in Figure 3A, GSEA was performed using microarray datasets from GEO database (GSE35988) and revealed that genes positively related to EGFR were enriched in the KIF15_High samples (NES = 2.32; P < 0.0001; FDR q< 0.0001). Additionally, genes down-regulated after treatment with EGFR inhibitor were enriched in the KIF15_High samples, which were analyzed by GSEA using GSE32269 (NES = 2.79; P < 0.0001; FDR q< 0.0001) as well as in GSE2443 (NES = 2.57; P < 0.0001; FDR q< 0.0001) microarray data (Figure 3B and Supplementary Figure S2A). These results suggested that EGFR pathway was positively related with KIF15 high expression in PCa. Importantly, 6 out of 28 (21.4%) primary PCa cases from Qilu Hospital showed KIF15+/EGFR+ by IHC staining (moderate or strong staining for both KIF15 and EGFR). Accordingly, 15 out of 28 (53.6%) cases were KIF15-/EGFR- by IHC staining (negative or weak staining for both KIF15 and EGFR). By contrast, only 5 (17.9%) cases demonstrated KIF15+/EGFR- (moderate or strong staining for KIF15 whereas negative or weak staining for EGFR) and 2 (7.1%) cases demonstrated KIF15-/EGFR+ (negative or weak staining for KIF15 and moderate or strong staining for EGFR). Among CRPC cases, IHC staining showed that 13 (61.9%) cases were KIF15+/EGFR+, 5 (23.8%) cases with KIF15-/EGFR-. By contrast, only 1 (4.8%) case was KIF15+/EGFR- and 2 (9.5%) cases were KIF15-/EGFR+ (Figures 3C, D). A positive correlation of KIF15 and EGFR expression was observed in primary PCa cases (P = 0.0299, r = 0.462) and CRPC cases (P = 0.0055, r = 0.671) (Figure 3E). Overall, these data suggest that high protein levels of KIF15 correlated with increased EGFR protein levels in prostate tumor samples. In addition, EGFR protein expression was significantly downregulated in C4-2B xenografts with KIF15 depletion as shown in Figures 3F, G. Then, we monitored EGFR expression after KIF15 overexpression in LNCaP cells, and KIF15 depletion in C4-2B and PC3 cells. As shown in Figure 3H and Supplementary Figure S2B, KIF15 overexpression enhanced EGFR protein levels in LNCaP cells, while KIF15 depletion reduced EGFR protein levels in C4-2B and PC3 cells. These effects were more significantly in CSS condition in these cells. However, EGFR mRNA levels were not altered even though these cells showed marked increases or reductions in KIF15 expression (Figures 3I, J and Supplementary Figure S2C). Together, our results suggest that KIF15 may regulate EGFR protein levels, especially in the androgen deprivation condition.




Figure 3 | KIF15 promotes EGFR expression in PCa. (A) GSEA analysis of EGFR signatures (genes upregulated upon EGFR elevated) from a microarray dataset (GSE35988) that profiled CRPC cases with KIF15_High (the highest 2 samples) or KIF15_Low (the lowest 2 samples) expression. NES = 2.32; P < 0.0001, FDR q < 0.0001. (B) GSEA analysis of EGFR signatures (down-regulated after treatment with EGFR inhibitor) from a microarray dataset (GSE32269) that profiled CRPC cases with KIF15_High (the highest 2 samples) or KIF15_Low (the lowest 2 samples) expression. NES = 2.79; P < 0.0001, FDR q < 0.0001. (C, D) Representative IHC images (C) and quantitative analysis (D) for EGFR and KIF15 expression in PCa cases in Qilu Hospital. KIF15-, negative and weak KIF15 positive tumors examined by IHC staining; KIF15+, moderate and strong KIF15 positive tumors examined by IHC staining; EGFR-, negative and weak EGFR positive tumors examined by IHC staining; EGFR+, moderate and strong EGFR positive tumors examined by IHC staining. (E) Contingency table for KIF15 expression and EGFR status by IHC in primary PCa cases and CRPC cases in Qilu Hospital. (F, G) EGFR protein expression in C4-2B xenograft examined by IHC staining (F) and Western blot (G). (H) EGFR protein expression in LNCaP cells (left) and C4-2B (right) cells. These cells were cultured and passaged in CSS medium or FBS medium for 1 month, and then they were transfected with corresponding expression plasmids for 48 hours or siRNA for 72 hours. Then cells were collected, lysed for Western blot assay. (I, J) The relative mRNA expression of KIF15 and EGFR in LNCaP (I) and C4-2B (J) cells with indicated treatment. LNCaP (I) and C4-2B (J) cells with indicated treatment as (H) were transfected with expression plasmids or siRNAs for 48 hours. The total RNA was extracted, and the mRNA levels of KIF15 and EGFR were determined by qRT-PCR. **P < 0.01; ***P <0.001.



To examine how KIF15 regulates EGFR signaling, we tested the key molecules in MAPK and PI3K-AKT signaling pathways which were reported as downstream of EGFR (19, 36). As shown in Figure 4A, KIF15 overexpression significantly increased p-MEK, p-ERK, and p-AKT protein levels in LNCaP cells, while KIF15 knockdown reduced p-MEK, p-ERK and p-AKT levels in C4-2B and PC3 cells. However, these effects of KIF15 were more significant with EGF treatment in the corresponding cells (Figures 4B, C). Since KIF15-depleted cells showed attenuation in MAPK and AKT activity and accumulation at the G1 phase, we examined the expression of cell cycle regulatory proteins (37) in these PCa cell lines. As shown in Figure 4D, KIF15 knockdown significantly reduced CyclinD1, CyclinE1, and CDK2 protein levels in both C4-2B and PC3 cells, while KIF15 overexpression increased their levels in LNCaP cells. Importantly, EGFR depletion reversed KIF15 overexpression-induced activation of MEK, ERK, and AKT, and cell proliferation in LNCaP cells (Figures 4E, F and Supplementary Figure S2D). These data demonstrated that KIF15 promotes CRPC progression by activating EGFR signaling pathway.




Figure 4 | KIF15 activates EGFR signaling in CRPC cells. (A-C) Expression of the key molecules in MAPK and PI3K-AKT signaling pathways determined by Western blot in KIF15-overexpressed or depleted PCa cells with or without 20 ng/ml EGF treatment for 20 minutes. (D) The expression of cell cycle-related proteins, CyclinD1, CyclinE1, and CDK2 determined by Western blot in the indicated PCa cells with KIF15 overexpression or depletion. (E) Expression of the key molecules in MAPK and PI3K-AKT signaling pathways determined by Western blot in KIF15 overexpressed and EGFR depleted LNCaP cells with or without 20 ng/ml EGF treatment for 20 minutes. (F) Cell proliferation of LNCaP cells assessed by MTS assays. LNCaP cells were transiently transfected with the indicated expression plasmids and/or siRNA, and cell proliferation was assessed by MTS assays. **P < 0.01; ***P <0.001.





KIF15 Inhibits Degradation of EGFR in CRPC Cells

To explore the mechanism by which KIF15 modulates EGFR protein level, we performed co-immunoprecipitation (co-IP) assays in both C4-2B and PC3 cells. As shown in Figure 5A, KIF15 binds to EGFR in these two cell lines. Since KIF15 regulated EGFR expression at protein levels but not at mRNA levels, we tested whether KIF15 affects EGFR protein degradation in PCa cells. C4-2B, PC3, and LNCaP cells were treated with cycloheximide (CHX) to block de novo protein synthesis, and EGFR protein level was analyzed by Western blot. The results showed that knockdown of KIF15 remarkably accelerates the degradation of EGFR proteins in comparison to the control cells, and KIF15 overexpression inhibited EGFR protein degradation (Figure 5B). These data suggest that KIF15 can stabilize the EGFR protein. It has been previously reported that Cdc42, a member of Rho GTPase family protein and a key regulator of the actin cytoskeleton, plays an important role in the process of internalization and degradation of receptors (38). Cdc42 activity is controlled by exchanging between the inactive GDP-bound form (Cdc42GDP) and active GTP-bound form (Cdc42GTP) (39). Unlike Ras, which is activated primarily by point mutations that impair its GTPase activity in human cancers, Cdc42 is activated by changes in upstream regulators. Hirsch et al. showed that EGFR protein degradation is correlated with activation of Cdc42 (40). To demonstrate the potential mechanism of KIF15 silencing-induced EGFR degradation, we tested Cdc42 activity by pulldown assays in C4-2B and PC3 cells transfected with siRNA against KIF15 and in LNCaP cells transfected with KIF15 expression plasmids. As shown in Figures 5C, D, Cdc42 activity was significantly attenuated in KIF15-depleted C4-2B and PC3 cells, and enhanced in LNCaP cells with KIF15 overexpression. Furthermore, Cdc42 knockdown reversed KIF15 overexpression-induced EGFR protein upregulation in LNCaP cells (Figure 5E). Cdc42‐Q61L was a form of Cdc42-active mutant (41), and Cdc42‐T17N was a form of Cdc42-inactive mutant (42, 43). EGFR protein level was elevated when Cdc42‐Q61L but not Cdc42‐T17N plasmids were transfected into the KIF15-depleted C4-2B and PC3 cells (Figures 5F, G). Our data supports that KIF15 inhibits degradation of EGFR in a Cdc42-dependent manner.




Figure 5 | KIF15 forms a protein complex with EGFR and inhibits EGFR degradation through Cdc42 in CRPC cells. (A) Co-IP assays performed to detect the interaction between KIF15 and EGFR in C4-2B and PC3 cells. Protein lysis was collected from C4-2B and PC3 cells to perform co-IP with control IgG or KIF15 or EGFR antibody, followed by Western blot with indicated antibodies. (B) EGFR protein levels determined by immunoblotting. C4-2B (top), PC3 (middle), and LNCaP (bottom) cells were transfected with KIF15 siRNA or KIF15 expression plasmids as indicated. At 24 hours post transfection, cells were then treated with 10 μg/ml CHX and collected at 0, 4, 8, and 12 hours. Western blot assays were performed to analyze EGFR protein levels. *P <0.05; **P < 0.01. (C, D) GTP-Cdc42 levels analyzed by Western blot in C4-2B, PC3 (C), and LNCaP (D) cells with the indicated treatment. C4-2B, PC3, and LNCaP cells were transfected with KIF15 siRNA or KIF15 expression plasmids as indicated. Rho GTPase pulldown assays were performed, and activated Cdc42 (GTP-Cdc42) was measured by Western blot assay. (E–G) EGFR protein expression in LNCaP (E), C4-2B (F), and PC3 (G) cells with the indicated treatment. LNCaP cells were transfected with KIF15 expression plasmids and siRNA against Cdc42 (E), while C4-2B (F), and PC3 (G) cells were transfected with siRNA against KIF15 and Cdc42(T17N) or Cdc42(Q61L) expression plasmids for 48 hours, then were harvested and lysed for Western blot assay.



Together, KIF15 stabilizes EGFR in a Cdc42-dependent manner and activates EGFR signaling pathways to promote CRPC progression. A schematic diagram was shown in Figure 6.




Figure 6 | A putative model illustrating the role of KIF15 in up-regulation of EGFR signaling to promote CRPC. EGFR is ubiquitinated by EGF stimulation and sorted to the endosome, resulting in its degradation in lysosomes. KIF15 blocks EGFR from undergoing lysosomal degradation by activating Cdc42 and increases EGFR recycling back to the cell membrane. The MAPK/ERK and PI3K/AKT signaling pathways are activated, both of which can promote the proliferation and invasion of CRPC cells.






Discussion

Our studies reveal a novel role of KIF15 that promotes CRPC by activating EGFR signaling pathway in both AR-positive and AR-negative cells. We show that KIF15 is elevated in CRPC cells, and that there is a positive correlation between KIF15 expression and EGFR protein expression levels. Upregulation of EGFR by KIF15 is mediated via a transcription-independent mechanism that involves inhibiting EGFR protein degradation. KIF15 overexpression induced the activation of ERK, MEK, and AKT, which are important molecules downstream of EGFR signaling. Our results indicate that, at least in part, KIF15 promotes CRPC cell proliferation via EGFR-dependent signaling, which highlights a novel and prominent role of KIF15 in contributing to CRPC progression. In addition, our previous studies showed that KIF15 promotes PCa progression by increasing AR protein levels (29). These new findings reveal the extensive role of KIF15 in the progression of CRPC especially in these AR-negative cells.

Although PCa is initially androgen sensitive and responds to androgen deprivation therapies, adaptive survival pathways culminate and CRPC inevitably develops. Multiple mechanisms contribute to the progression to CRPC, including both AR-dependent (44) and AR-independent pathways (45). Although AR is an important driver of CRPC progression (44), the PI3K−AKT−mTOR pathway, Src signaling pathway and growth factor pathways, which are AR-independent pathways, also play a crucial role in CRPC (7, 18, 46, 47). Thus, novel therapies beside AR inhibition occupy an increasingly important role in the treatment of CRPC (5). Our previous studies showed that KIF15 promotes AR protein stabilization by enhancing the interaction between USP14 and AR in C4-2B enzalutamide resistant cells and 22Rv1 cells (29), suggesting that KIF15 may promote enzalutamide resistance via the AR pathway. In the current study, we focus on the role of KIF15 in CRPC progression and found that KIF15 could enhance the EGFR signaling pathway in both AR positive and negative cells.

Our new findings in this study that KIF15 activates EGFR signaling demonstrates that KIF15 may expedite CRPC progression by multiple pathways including AR-dependent and independent pathways. Multiple studies have highlighted the key role of AR signaling pathway in CRPC. Reactivation of AR signaling is sufficient and necessary to trigger the CRPC phenotype (48, 49). Therefore, although activation of AR and EGFR by KIF15 may simultaneously exist in AR positive CRPC cells, activation of EGFR signaling might act as a collaborative pathway. However, in AR negative CRPC cells, KIF15 may promote tumor cell proliferation through activating EGFR signaling pathway. One limitation of this study is how PTEN status affects KIF15-EGFR axis. LNCaP and C4-2B cells are PTEN-null and exhibit constitutively activated PI3K, whereas 22Rv1 cells express wild-type PTEN. In the current study, we found that KIF15 could affect EGFR protein expression both in LNCaP, C4-2B as well as in 22Rv1 (Supplementary Figure S2E) cells. These data suggested that PTEN status might not affect KIF15-EGFR axis in PCa cells.

Our study showed that AR-induced gene KIF15 is highly expressed in CRPC, which is consistent with the previous study (50). KIF15 expression pattern in PCa is similar with that of COBLL1, an AR-induced gene, which is highly induced in androgen-deprived cells (51). Our explanation of the mechanisms is as follows: 1) Androgen deprivation may result in reactivation of AR. In this setting, AR is high-sensitive to low androgen. Hypersensitive AR activity is correlated with upregulation of AR-binding genes. As another possibility for inducing AR-binding genes in CRPC cells, previous studies have reported the reprogramming of AR downstream genes (52, 53). 2) Some key genes related with PCa progression are upregulated in androgen-deprived condition, including OCT1 (50), ANCCA (54), and B7-H3 (55). These genes have been reported to regulate KIF15 expression in solid tumors (25, 50, 56) as well as in androgen-deprived condition. 3) Androgen deprivation is associated with pro-inflammatory in PCa (57), and KIF15 has been reported to be upregulated in inflammatory microenvironment (58). Overall, KIF15 may be an important AR-induced gene in the transition from hormone sensitive PCa to CRPC cells.

Di Lorenzo et al. and Jathal et al. have revealed that high EGFR protein correlates with PCa progression and CRPC state (7, 11). There are many mechanisms of EGFR to promote CRPC. The first is the “cross-talk” between EGFR and AR pathways in CRPC cells (59). EGFR enhances AR stability and transcriptional function, and may contribute to AR activity in CRPC (60, 61). Combining the results from our previous studies that KIF15 promotes AR protein stabilization, our new findings in this study suggest that KIF15 may regulate AR not only directly but also in an EGFR-dependent way. The second mechanism involves MAPK and PI3K/AKT pathways activation by EGFR to sustain the growth, survival, invasion and metastasis of CRPC (6). EGFR-stimulated ERK activation is required for the induction and maintenance of the increased expression of Cyclin D1, and ensures G1 phase progression in the cell-cycle (6). As one of the chromokinesin family members, KIF15 is well known for its role in regulating mitotic spindle microtubules to promote cell mitosis (22). Therefore, KIF15 may expedite the cell cycle by accelerating mitosis and by activating ERK to accelerate entrance into the S phase in interphase. Together, our results demonstrate that KIF15 can utilize multiple pathways to expedite CRPC progression.

The degradation of EGFR is regulated by multiple factors. After EGFR binds to ligands, it undergoes dimerization, autophosphorylation, and internalization. Phosphorylated EGFR is ubiquitinated and degraded in lysosomes or recycled back to the cell surface (38, 62). Our findings show that function of KIF15 reduces EGFR degradation by activating Cdc42 in PCa cells. Cdc42 is a ras-related GTP-binding protein that serves as a molecular switch in cells and directs a wide range of cellular processes and signaling activities. Activated Cdc42, through an interaction with its target/effector, inhibits the binding of c-Cbl (E3 ubiquitination ligase of EGFR) (63) to EGFR and thus prevents c-Cbl from catalyzing receptor ubiquitination. KIF15 promotes EGFR protein stabilization by activating Cdc42, whose mode of action is different from STAP-2, δ-Catenin, and UCHL1 inhibition of EGFR lysosomal degradation by competitive inhibition c-Cbl–mediated ubiquitination or abrogation of EGFR ubiquitination (64–66). These findings also posed additional questions if KIF15 can modulate other proteins in addition to EGFR in a Cdc42-dependent manner to promote CRPC. These implications warrant further investigations.

In conclusion, we further explored the functional role of KIF15 in CRPC and investigated the potential mechanisms of KIF15 in EGFR-mediated development of CRPC. Our findings uncovered that KIF15 inhibition may be considered as a potential novel strategy in CRPC patients.
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Supplementary Figure 1 | KIF15 promotes proliferation and migration of prostate cancer cells in vitro. (A) Western blot analysis of KIF15 protein levels in indicated PCa cells. LNCaP and C4-2B cells were cultured in FBS (RPMI-1640 supplemented with 10% fetal bovine serum) medium or CSS (phenol red-free RPMI-1640 supplemented with 10% charcoal-stripped fetal bovine serum) medium for 48 hours. These cells were transfected with KIF15 expression plasmid for 48 hours (LNCaP cells) or corresponding siRNA for 72 hours (C4-2B cells), then were collected and lysed for Western blot assay. Vec, empty vector; NC, negative control. (B) Migration ability of indicated cells determined by transwell assays. Left panel: representative images of cell migration. Right panel: quantitative results of migration assays from triplicate experiments. *P <0.05, **P < 0.01. (C, D) Cell proliferation determined by colony formation assays. Data shown are means ± SEM of triplicate wells and are representative of at least three replicate experiments. Comparisons between groups were analyzed using t‐tests (two‐sided). *P <0.05, **P < 0.01. (E) Effects of KIF15 on the cell cycle determined by flow cytometry. Percentage of cells in G1, S and G2 phases are shown. C4-2B and PC3 cells were transfected with corresponding siRNA for 48 hours, then were harvested, and stained with propidium iodide dye for flow cytometric analysis of cell cycle distribution.

Supplementary Figure 2 | Relationship between KIF15 and EGFR level in prostate cancer cells. (A) GSEA analysis of EGFR signatures (down-regulated after treatment with EGFR inhibitor) from a microarray dataset (GSE2443) that profiled with KIF15_High (the highest 2 samples) or KIF15_Low (the lowest 2 samples) expression. NES = 2.57; P < 0.0001, FDR q < 0.0001. (B, C) The protein (B) and mRNA (C) expression of EGFR determined by Western blot and qRT-PCR analysis after KIF15 transient knockdown in PC3 cells. PC3 cells were transfected with corresponding siRNA for 72 hours, then were harvested and lysed for Western blot assay (B). PC3 cells were transfected with corresponding siRNA for 48 hours. The total RNA was extracted, and the mRNA levels of KIF15 and EGFR were then determined by qRT-PCR (C). *P <0.05, **P < 0.01, ***P <0.001. (D) EGFR and KIF15 protein expression levels examined by Western blot in LNCaP cells. LNCaP cells were transiently transfected with the indicated expression plasmids and/or siRNA for 48 hours. The cells were then harvested and lysed for Western blot assay. (E) EGFR and KIF15 protein expression levels examined by Western blot after KIF15 siRNA knockdown in 22Rv1 cells. 22Rv1 cells were transiently transfected with corresponding siRNA for 72 hours. The cells were then harvested and lysed for Western blot assay.
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Age
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Grade
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Invasion depth
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Lymph node metastasis

NO 213 10.126 & 9,167 <0001 0.004
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Distant metastasis

Mo 186 10.479 % 10920 0.431 0.128
Mi 38 11.953 & 9,005

p < 0.05, statistically significant.
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Gene Name Function Reference

HER2 Higher expression of HER2 indicates more aggressive tumor invasiveness. (10)

ERCC1 ERCCT is involved in the drug resistance of cisplatin and other chemotherapeutic drugs. Low expression of ERCCT has a longer (13)
survival period.

EGFR,ERBB2,ERBB3  Overexpression of EGFR, ERBB2 or ERBB3 is associated with tumor grade, stage, and prognosis in bladder cancer. (19

PIK3CA Its mutation occurs in 25% of non-muscle invasive bladder cancer, associated with bladder cancer development and progression. (20)

p16 The loss of tumor suppressor genes (p16) often indicates the recurrence of low-grade bladder cancer. 21)

p53,Rb,PTEN Inactivate p53 and pRb induces the invasion of tumor and metastasis of bladder cancer. (24, 25)

TERT TERT is highly expressed in invasive and advanced bladder cancer patients as compared to the early and non-invasive bladder (26)
cancer patients.

STAG2, ESPL1, NIPBL STAG2, ESPL1 and NIPBL genes with frequent mutations in bladder cancer are involved in the sister chromatid cohesion and (44)
segregation process.

ERCC2 ERCC2 mutations indicate a better prognosis of chemotherapy for bladder cancer and a lower rate of recurrence and metastasis (60-52)
within 2 years.

ELF3, MYBL2 Tumor suppressors. (60)

MEG3, APEX1, EZH2  Inducer of bladder cancer progression. (60)

FGFR3 The luminal-papillary subtype is characterized by FGFR3 mutations, fusion with transforming acid coiled-coil containing protein 3 (65)

(TACC3), or amplification.
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Covariates Type Overall set Training set Testing set P-value
age <=60 258 (51.09%) 122 (48.22%) 136 (53.97%) 0.2291
>60 247 (48.91%) 131 (51.78%) 116 (46.03%)
gender FEMALE 173 (34.26%) 90 (35.57%) 83 (32.94%) 0.5958
MALE 332 (65.74%) 163 (64.43%) 169 (67.06%)
grade G1-2 228 (45.15%) 119 (47.04%) 109 (43.25%) 0.6466
G3-4 272 (53.86%) 132 (62.17%) 140 (55.56%)
GX 5 (0.99%) 2 (0.79%) 3(1.19%)
stage Stage - 1I 306 (60.59%) 157 (62.06%) 149 (59.13%) 0.5604
Stage lI-IV 199 (39.41%) 96 (37.94%) 103 (40.87%)
T T2 324 (64.16%) 165 (65.22%) 159 (63.1%) 0.6859
T34 181 (35.84%) 88 (34.78%) 93 (36.9%)
M MO 404 (80%) 203 (80.24%) 201 (79.76%) 0.9896
M1 77 (156.25%) 38 (15.02%) 39 (15.48%)
MX 24 (4.75%) 12 (4.74%) 12 (4.76%)
N NO 228 (45.15%) 120 (47.43%) 108 (42.86%) 0.0768
N1 15 (2.97%) 11 (4.35%) 4 (1.59%)
NX 262 (51.88%) 122 (48.22%) 140 (55.56%)

*KIRC, kidney renal clear cell carcinoma.
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Training set Validation sets
TCGA TCGA GSE19915 GSE48277-1 GSE48277-2

Total 321 81 43 62 73
Sex

Female 85 (26.5%) 21 (25.9%) 0(0.0%) 13 (21.0%) 0(0.0%)

Male 236 (73.5%) 60 (74.1%) 0(0.0%) 49 (79.0%) 0(0.0%)

N/A 0(0.0%) 0(0.0%) 43 (100.0%) 0(0.0%) 73 (100.0%)
Age

<60 72 (22.4%) 14 (17.3%) 0 (0%) 16 (25.8%) 18 (17.8%)

>=60 249 (77.6%) 67 (82.7%) 0 (0%) 46 (74.2%) 60 (82.2%)

N/A 0 (0.0%) 0 (0.0%) 43 (100.0%) 0(0.0%) 0(0.0%)
Stage

I 106 (33.0%) 23 (28.4%) 19 (44.2%) 46 (74.2%) 42 (57.5%)

i 111 (34.6%) 27 (33.3%) 21 (48.8%) 15 (24.2%) 23 (31.5%)

v 102 (31.8%) 31 (38.3%) 3(7.0%) 1(1.6%) 8(11.0)

N/A 2(0.6%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%)
Grade

High 299 (93.1%) 79 (97.5%) 41 (95.3%) 0 (0.0%) 0(0.0%)

Low 19 (6.9%) 2 (2.5%) 2 (4.7%) 0(0.0%) 0(0.0%)

N/A 3(0.9%) 0 (0.0%) 0(0.0%) 62 (100.0%) 73 (100.0%)

N/A, Not reported.
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Univariate analysis Multivariate analysis

HR (95%Cl) P-value HR (95%Cl) P-value
Sex 0.113
Female Reference
Male 1.135 (0.971, 1.327)
Age (years) 0.118
18-39 Reference
40-59 1.214 (0.541,2.722) 0,638
60-79 1.254 (0.560, 2.809) 0582
=80 1.753 (0.743, 4.187) 0.200
Marital status 0.036 0044
Married Reference Reference
Divorced/Separated 1.143 (0.913, 1.430) 0244 1.219(0.971, 1.531) 0083
Widowed 1.443 (1.095, 1.902) 0.009 1,690 (1.277, 2.235) <0.001
Single 1.145 (0.933, 1.405) 0.194 1.094 (0.889, 1.347) 0394
Race 0.166
White Reference
Black 1,042 (0.754, 1.439) 0.804
Other 0811 (0.622, 1.059) 0.124
Grade <0.001 <0.001
1 Reference Reference
1 1.268 (1.057, 1.522) 0011 1.126 (0.981, 1.363) 0222
] 1.221(0.782, 2.037) 0.445 1.365 (0.809, 2.303) 0244
Y 1.817 (1.493, 2.212) <0001 1.499 (1217, 1.847) <0.001
T stage <0001 0016
T Reference Reference
T2 1.448 (1.095, 1.916) 0.009 1.354 (0.949, 1.932) 0.094
3 1.561 (1.232, 1.978) <0.001 1.388 (1.031, 1.869) 0.031
T4 2.349(1.616, 3.253) <0.001 1.626 (1.107, 2.389) 0.013
N stage <0001 <0.001
NO Reference Reference
N1 2.100 (1.724, 2.558) <0.001 1.084 (1.588, 2.362) <0.001
N2 2.454 (1,955, 3.081) <0001 2,375 (1.877, 3.004) <0.001
Bone metastasis 0013 <0.001
No Reference Reference
Yes 1.213(1.042, 1.412) 0013 1.621 (1.378, 1.907) <0.001
Brain metastasis <0.001 <0.001
No Reference Reference
Yes 2.063 (1.664, 2.559) <0001 2.158 (1.730, 2.693) <0.001
Liver metastasis 0010 <0.001
No Reference Reference
Yes 1.343 (1.073, 1.680) 0,010 1.538 (1.217, 1.943) <0.001
Lung metastasis <0001 <0.001
No Reference Reference
Yes 1.664 (1.340, 1.803) <0.001 1.709 (1.454, 2.008) < 0.001
Tumor size (mm) 0.023 0261
Size < 40 Reference Reference
40 < Size < 70 1.040 (0.743, 1.454) 0.820 0.993 (0.706, 1.397) 0969
70 < Size < 100 1.367 (0.995, 1.879) 0.054 1.002 (0.700, 1.432) 0.994

Size > 100 1.274 (0.928, 1.750) 0.135 0.855 (0.600, 1.218) 0.385
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Sex
Male
Female

Age (year)
18-39
40-59
60-79
>80

Marital status
Married
Divorced/Separated
Widowed
Single

Race
White
Black
Other

Grade

N stage
NO
N1
N2
Bone metastasis
No
Yes
Brain metastasis
No
Yes
Liver metastasis
No
Yes
Lung metastasis
No
Yes
Size (mm)
Size < 40
40 < Size < 70
70 < Size < 100
Size >100
Surgery
No
Partial
Total

Training
cohort
(N =1,027)

740 (72.1%)
287 (27.9%)

11(1.1%)

448 (43.6%)

521 (50.7%)
47 (4.6%)

704 (68.5%)
111(10.8%)
65 (6.3%)
147 (14.3%)

889 (86.6%)
51(5.0%)
87 (8.5%)

24/(2.3%)
262 (25.5%)
458 (44.6%)
283 (27.6%)

131 (12.8%)

169 (16.5%)

649 (63.2%)
78 (7.6%)

793 (77.2%)
137 (13.3%)
97 (9.4%)

719 (70.0%)
308 (30.0%)

919(89.5%)
108 (10.5%)

918 (89.4%)
109 (10.6%)

409 (39.8%)
618 (60.2%)

63(6.1%)
220 (21.4%)
358 (34.9%)
386 (37.6%)

143 (13.9%)
31 (3.0%)
853 (83.1%)

Validation |
cohort
(N =342)

231 (67.5%)
111 (32.5%)

2(0.6%)

143 (41.8%)

180 (52.6%)
17 (6.0%)

229 (67.0%)
28(8.2%)

38(11.1%)
47 (13.7%)

304 (88.9%)
20 (5.8%)
18 (5.3%)

14 (4.1%)
92 (26.9%)
139 (40.6%)
97 (28.4%)

60 (17.5%)
69(20.29)

185 (54.1%)
28(8.2%)

259 (75.7%)
47 (13.7%)
36(10.5%)

236 (69.0%)
106 (31.0%)

318 (93.0%)
24 (7.0%)

294 (86.0%)
48 (14.0%)

139 (40.6%)
203 (59.4%)

23(6.7%)
84 (24.6%)
108 (31.6%)
127 (37.1%)

53(15.5%)
12 (35%)
277 (81.0%)

Validation
1l cohort
(N =816)

552 (67.6%)
264 (32.4%)

11(1.3%)
280 (34.3%)
479 (88.7%)

46 (5.6%)

560 (68.6%)
77 (9.4%)
62 (7.6%)

117 (14.3%)

698 (85.5%)
52 (6.4%)
66 (8.1%)

20 (2.5%)
181 (22.29%)
340 (41.7%)
275 (38.7%)

116 (14.2%)

137 (16.8%)

493 (60.4%)
70 (8.6%)

619 (75.9%)
111 (13.6%)
86 (10.5%)

570 (69.9%)
246 (30.1%)

730 (89.5%)
86 (10.5%)

733 (89.8%)
83 (10.2%)

287 (35.2%)
529 (64.8%)

50 (6.1%)
191 (23.4%)
283 (34.7%)
292 (35.8%)

150 (18.4%)
31(38%)
635 (77.8%)

overall
(N =2,185)

1,623 (69.7%)
662 (30.3%)

24 (1.1%)
871 (39.9%)
1,180 (54.0%)
110 (5.0%)

1,493 (68.3%)
216 (9.9%)
165 (7.6%)

311(14.2%)

1,891 (86.5%)
123 (5.6%)
171 (7.8%)

58(2.7%)
535 (24.5%)
987 (42.9%)
655 (30.0%)

307 (14.1%)
375(17.2%)
1,327 (60.7%)
176 (8.1%)

1,671 (76.5%)
295 (13.5%)
219 (10.0%)

1,625 (69.8%)
660 (30.2%)

1,967 (90.0%)
218 (10.0%)

1,945 (89.0%)
240 (11.0%)

835 (38.2%)
1,350 (61.8%)

136 (6.2%)
495 (22.7%)
749 (34.3%)
805 (36.8%)

346 (15.8%)
74 (3.4%)
1,765 (80.8%)
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Group N Overall survival Cancer-specific survival
2 years 95% CI 3years 95% CI 2 years 95% CI 3 years 95% CI

survival rate  Lower Upper survival rate  Lower Upper survival rate  Lower Upper survival rate  Lower Upper
(A) Survival rates according to three groups from the date of nephrectomy
LR 319 86.90% 83.15%  90.80% 80.30% 75.85% 85.10% 88.90% 85.40% 92.60% 82.90% 78.60% 87.40%
MET 50 89.50% 80.20%  99.90% 79.40% 66.60% 94.60% 89.50% 80.17%  99.90% 83.20% 71.61% 96.60%
BOTH 95 96.80% 93.22%  100.0% 93.20% 88.17% 98.60% 96.80% 93.22%  100.0% 93.20% 88.17% 98.60%
(B) Survival rates according to three groups from the date of local recurrence or metastasis
LR 319 63.50% 57.70%  69.80% 57.30% 51.20% 64.00% 67.80% 62.10% 74.10% 61.80% 55.70%  68.60%
MET 50 48.06% 29.20%  79.00% 48.06% 29.20%  79.00% 52.43% 32.90% 83.60% 52.43% 32.90% 83.60%
BOTH 95 82.60% 74.40% 91.70% 71.60% 61.60% 83.10% 82.60% 74.40% 91.70% 71.60% 61.60% 83.10%

Cl. confidence interval.
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Overall survival (OS)

Cancer-specific survival (CSS)

HR (95% CI) p-value

HR (95% CI) p-value

MET group

LR group

BOTH group

Capsular invasion

Body mass index (kg/cm2)
Hypertension

Hemoglobin

Albumin

pathologic T stage

pathologic N stage

Nuclear grade

Diabetes
Lymphovascular invasion
Nuclear grade

yes

yes

female (<12), male (<13)
female (>12), male (>13)
<3.0

>3.0

T

T2

T3

T4+Tx

NO+Nx

N1

grade 1-2

grade 3-4

yes
yes

grade 1-2
grade 3-4

n =50, event = 12 (24.0%)
8.97 (1.83-44.09) 0.007

n = 304, event = 132 (43.4%)

0.89 (0.84-0.95) <.001

2.07 (1.41-3.02) <.001
1 (ref)

0.45 (0.30-0.68) <.001
1 (ref)

0.21 (0.09-0.52) <.001
1 (ref) (<.001)

1.30 (0.78-2.19) 0.318

1.98 (1.30-3.03) 0.002

9.41 (4.02-22.02) <.001
1 (ref)

2.21(1.18-4.13) 0.014

n =95, event = 34 (35.8%)

2.69 (1.17-6.18) 0.02
4.19 (1.41-12.46) 0.01

n =50, event = 11 (22.0%)
7.36 (1.45-37.35) 0.016

n =319, event = 117 (36.7%)

0.87 (0.81-0.94) <.001

2.78 (1.80-4.30) <.001
1 (ref)

0.47 (0.30-0.74) 0.001
1 (ref)

0.20 (0.08-0.50) 0.001
1 (ref) (<.001)

1.69 (0.92-3.08) 0.089

2.31(1.42-3.76) 0.001

11.4 (4.66-27.86) <.001
1 (ref)

263 (1.35-56.13) 0.005
1 (ref)

1.92 (1.09-3.38) 0.024

n =95, event = 33 (34.7%)

3.03 (1.30-7.07) 0.011

4.01 (1.32-12.22) 0.015
1 (ref)

3.35 (1.11-10.08) 0.032

Cl. confidence interval.
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Group Metastasis Recurrence

(1) Overall Survival (OS)

LR group no yes
MET group yes no
Both group yes yes
(2) Cancer-Specific Survival (CSS)

LR group no yes
MET group yes no
Both group yes yes

Total

319
50
95

319
50
95

Event (%)

145 (45.5)
12 (24.0)
34(35.8)

117 (36.7)
11(22.0)
33(34.7)

Univariable model

HR (95% CI)

1 (ref)
0.63 (0.35-1.15)
0.61 (0.42-0.89)

1 (ref)
0.73 (0.39-1.36)
0.74 (0.50-1.10)

p-value

(0.0187)
0.1326
0.0104

(0.2408)
03147
0.1365

Adjusted for body mass index, hypertension, hemoglobin, albumin, pT stage, pN stage, and nuclear grade in OS multivariable model.

Cl. confidence interval.

Multivariable model

HR (95% CI)

1 (ref)
0.51 (0.27-0.97)
0.51 (0.34-0.77)

1 (ref)
0.57 (0.29-1.12)
0.60 (0.39-0.92)

p-value

(0.0017)
0.0389
0.0015

(0.0302)
0.1026
0.0209
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Total LR group MET group BOTH group p-value
Number 464 319 50 95
Follow-up duration median (IQR) 93.2 (48.4-127.7) 93.2 (48.4-127.7) 36.8 (13.8-100.9) 93.2 (49.6-124.5)
Age at operation mean + STD 56.5 +11.6 56.5 +11.6 59.4 £ 9.9 56.7 £ 11 0.238
Body mass index (kg/cm2) mean + STD 2393 2393 245135 24 +29 0.481
Diabetes yes 47 (14.7) 47 (14.7) 8(16) 13 (13.7) 0.929
Hypertension yes 109 (34.2) 109 (34.2) 24 (48.0) 42 (44.2) 0.059
Hemoglobin median (IQR) 13.3 (11.4-14.6) 13.3 (11.4-14.6) 13.3 (11.6-14.6) 13.8 (12.2-14.9) 0.348
Platelet median (IQR) 255.5 (212-318.5) 255.5 (212-318.5) 212 (181-261) 251 (212-299) 0.005
Creatinine median (IQR) 1(09-1.2) 1(0.9-1.2) 1(0.83-1.2) 1(0.9-1.16) 0.916
Albumin median (IQR) 1(3.7-4.4) 4.1 (3.7-4.4) 4.2 (3.8-4.4) 4.2 (3.9-4.5) 0.034
Nephrectomy Open surgery 328 (70.7) 233 (73.0) 23 (46.0) 72 (75.8) <.001
Laparoscopic 127 (29.3) 83 (26.0) 26 (62.0) 18 (19.0)
Operative Extent partial 58(12.5) 41 (12.9) 7 (14.0) 10 (10.5) 0.994
radical 196 (42.2) 140 (43.9) 23 (46.0) 33 (34.7)
pathologic T stage T 138 (43.3) 138 (43.3) 19 (38.0) 31 (32.6) 0.568
T2 57 (17.9) 57 (17.9) 10 (20.0) 23 (24.2)
T3 111 (34.8) 111 (34.8) 19 (38.0) 36 (37.9)
T4+Tx 12 (3.8) 12 (3.8) 120 2(@.1)
pathologic N stage NO+Nx 291 (91.2) 291 (91.2) 45 (90.0) 92 (96.8) 0015
N1 27 (8.5) 27 (8.5) 4(8.0) 0(0.0)
Nuclear grade grade 1-2 82 (25.7) 82 (25.7) 13 (26.0) 20 (21.1) 0.206
grade 3-4 147 (46.1) 147 (46.1) 31 (62.0) 59 (62.1)
Sarcomatoid differentiation yes 13 (4.1) 13 (4.1) 2(4.0) 8(8.4) 0.269
Necrosis yes 43 (13.5) 43 (13.5) 8(16.0) 22 (23.2) 0075
Lymphovascular invasion yes 39 (12.2) 39 (12.2) 10 (20.0) 7(7.4) 0.084
Capsular invasion yes 72 (22.6) 72 (22.6) 17 (34.0) 22(23.2) 0.208
Cause of death (n = 191) RCC related 117 (80.7) 117 (80.7) 11(91.7) 33(97.1)
non-RCC-related 28 (19.3) 28(19.9) 1(8.3) 129
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